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—— Abstract
We consider the classic online problem of scheduling on multiple machines to minimize total flow
time and total stretch where the input consists of estimates on the processing time provided for
each job once released. The performance of such algorithms should depend on p, the error in the
estimates of the processing time for that instance (such an algorithm is called a distortion oblivious
algorithm). Previously, a distortion oblivious algorithm to minimize flow time was provided only
for a single machine. In this paper we extend the work to multiple machines and also consider
the total stretch objective. In particular, we design a non-migrative distortion oblivious algorithm
to minimize total flow time with a competitive ratio of O(plog P), where P is the ratio between
the maximum to minimum processing time. We show that with immediate-dispatching one cannot
achieve a competitive ratio which is a function of y and P; moreover, a competitive ratio which
is sub-polynomial in the number of jobs is also impossible. We also present the first distortion-
oblivious algorithm for minimizing the stretch time, both on a single and on multiple machines. The
competitive ratio of these algorithms are O(u?) which is optimal as we also prove a matching Q(u?)
lower bound.
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1 Introduction

We consider the online scheduling problem on multiple parallel machines, where n jobs arrive
over time and the completion of a job requires processing time on the m > 1 machines. The
machines are parallel, so at at any given time a job can be executed on a single machine
only. The goal of a scheduling algorithm is to minimize a certain objective function. In this
paper, we consider both the total flow time objective, which is the sum of the jobs flow-time
(time from release to completion), and the total stretch objective, which normalizes the flow
time of each job by the required processing time for that job. We consider the variant of the
problem in which preemption is allowed (i.e., the algorithm is allowed to halt and resume
the processing of jobs as desired).

In classic scheduling, the processing times of the jobs are exactly known at the job
release time. In a single machine setting, it is well known that the algorithm SRPT (shortest
remaining processing time) [23] is 1-competitive. It has been shown that on multiple machines

1 This work was done prior to joining Amazon.
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the problem is more difficult and depends on the ratio between the largest processing time of
a job to the minimum one (denoted by P). Specifically, every online algorithm is (log P)
competitive. In addition, SRPT algorithm is an optimal online scheduling algorithm which
achieves a tight competitive ratio of O(log P) [15].

However, in practice usually the assumption that the job processing time is known at
the job release time does not hold. For example, in computer programs scheduling it is very
unlikely to know the job’s exact processing time in advance.

Scheduling with estimates, introduced in [4], addresses this lack of processing-time
knowledge. In this setting, upon job release the algorithm is provided with an estimate
of the job’s processing time, which might be inaccurate up to a multiplicative error of u;
this parameter p is called the distortion of the input. Naturally, as p increases, the best
achievable competitive ratio becomes worse. A possible result in this model is a robust
family of algorithms {ALG,,}, such that ALG,, is tailored to appropriately handle inputs of
distortion at most p. To use such a family, one needs to know the distortion of the input
w in advance to choose the correct algorithm. However, in practical settings, knowing the
distortion in advance is infeasible; moreover, guessing the distortion could yield unbounded
competitiveness (see [5]). Thus, a preferable result is a single algorithm (rather than a family)
that handles any input, while achieving a competitive ratio as a function of the distortion
of that input. Such an algorithm is called distortion-oblivious. In our paper, we define the
parameter P to be the maximum ratio between estimated job sizes. We focus on presenting
distortion-oblivious algorithms for scheduling with estimates.

In this paper, we consider preemptive scheduling on multiple machines. In such
scheduling problems, certain properties are desired in a good algorithm. For example, such
a property is being non-migrative, i.e., once the algorithm decides to process a job on a
machine, the job can never be processed on a different machine. Another, stronger property
is immediate dispatching, in which a job must also be assigned to a machine immediately
upon its release.

1.1 Our Results

In this paper, we present the following distortion-oblivious algorithms and lower bounds for

scheduling with estimates.

1. We show a non-migrative algorithm with a competitive ratio of O(ulog P) with respect
to the total flow time objective compared to optimal migrative algorithm (Theorem 2). If
migration is allowed we show using similar analysis that lowest class first also achieves a
competitive ratio of O(min(ulog P, pulog i+ plog 7=)) (Corollary 16).

2. We present a tight non-migrative algorithm for minimizing total stretch on multiple
machines with a competitive ratio of O(y?). (Theorem 6)

3. We present a matching lower bound for minimizing total stretch on multiple machines
(that even allows migration) of Q(u?). (Theorem 11)

In particular, Results 2, 3 also apply for a single machine, and are the first known results in

this setting. Therefore, in this paper we completely solve the problem of distortion-oblivious

algorithms to minimize stretch time.

We also consider the immediate dispatching property for scheduling with estimates. Here,
we show that there exists no algorithm of competitiveness sub-polynomial in the number of
jobs, even for arbitrarily-small g and P; in particular, there is no algorithm with competitive
ratio as a function of only u and P. This lower bound applies to both total flow time and
total stretch, and holds even when randomization is allowed. Details appear in Section 5.
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1.2 Related Work

A similar setting to the robust setting is nonclairvoyant scheduling, studied in [21, 8, 7, 11, 10].
In this setting, the size of each job is completely unknown at release time, and is only revealed
to the algorithm upon completion of the job. In fact, this non-clairvoyant setting is a special
case of our model in which the distortion p is equal to P (i.e., the predicted processing time
is meaningless). In this nonclairvoyant model, for multiple machines, the best known result
for minimizing flow time is O(lognlog =) [8].

In the classic scheduling setting, the exact processing times of jobs are known at release
time; this classic model is a special case of the robust setting in which p = 1. In this
setting, [15] presented an O(log P) algorithm and a matching lower bound of Q(log P). It is
also known that the same algorithm achieves an upper bound of O(log(n/m)); without mi-
gration, [3] presented an O(logn)-competitive algorithm. A result of similar competitiveness
was introduced by [2] for the immediate dispatching variant of this problem. For minimizing
stretch, an O(1) non-migrative competitive algorithm is known [9].

Scheduling with distortion falls within the field of algorithms with predictions. In this
model, an online algorithm is given somewhat-accurate predictions of the incoming online
input. A good algorithm should be able to benefit from these predictions to the degree to
which they are precise; its competitive ratio would thus be a function of the predictions’
accuracy. Many problems related to scheduling have been addressed using algorithms with
predictions; for example, see [22, 13, 19, 12, 6, 16]. Algorithms with predictions have also
been used for many other online problems [17, 18, 20]. Additional papers on algorithms with
predictions can be found in [1].

1.3 Paper Organization

The non-migrative algorithm for minimizing total flow time is presented and analyzed in
Section 3. The non-migrative algorithm for minimizing total stretch is presented and analyzed
in Section 4. In Section 5 we show lower bound for immediate dispatching distortion oblivious
algorithms, for both the flow time and total stretch objectives. In Appendix A, we show
additional results for the total flow time objective; specifically, we analyze the LCF algorithm
and give tight examples for the shown algorithms.

2 Preliminaries

In our scheduling problem, jobs are released over time. There are m parallel machines; that
means at any given time a job can be processed only on one of the m machines. Each job ¢
must be processed for exactly p, time (pq is called the processing time of ¢). For a job ¢,
we denote by r, its release time and upon the job release time the algorithm gets the job
estimated processing time pg; the actual processing time of the job is unknown and revealed
only at the job completion time c¢,.

We define p; = max; % as the maximum underestimation factor of a job in the input.

Similarly, also define po = max; % S as the maximum overestimation factor of a job in the
J
input. Hence, for any job g:

Finally, we define the distortion parameter p := p1-uo. It is natural to assume that pq, po > 1,
although it is not required for our proofs.
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Let P be the ratio between the maximal job estimated size and the minimal job estimated

. . . maxgq P
size in the input, P = ——42¢,
ming Py

Note that since P is a function of the input the algorithm has no prior knowledge on P.
For the same reason, unless the algorithm is not distortion oblivious it also has no knowledge
on the parameters p1, o and pu.

Objectives. In our paper we discuss 2 objectives: total flow time and total stretch. The
total flow time objective is one of the most basic performance measures in multiprocessor
scheduling problems, and is defined as the overall time the jobs are spending in the system.
This includes the delay of waiting for processing as well as the actual processing time.
Formally, using the defined notations the total flow time objective is:

F:Zcq—rq
q

Another natural objective is the total stretch objective. The total stretch objective is defined
as follows:

W=y %"Ts

To refer to the objective of an algorithm A, we use the superscript A, e.g., F4 or W4.
Unlike the classic setting, in scheduling with estimates the total stretch objective is not a
special case of the total weighted time objective since the algorithm does not know the actual
processing times of the alive jobs and therefore does not know their weights.

Throughout the paper, we often use the following definition of a job class:

» Definition 1 (job class). We define the class of a job q, denoted {4, to be the unique integer
i such that p, € [2¢,21F1).

This definition refers to the estimated processing times provided in the input (rather than
actual processing times, or remaining processing times). In particular, the class of a job does
not change over time and the definition does not depend on the algorithm (either it is an
algorithm or the optimal solution the job classes are defined the same).

Notations. In the paper we use notations that have been defined by previous work:
VA(t) is the remaining time of alive jobs for algorithm A at time ¢
§4(t) is the number of alive jobs for algorithm A at time ¢.
74 (t) is the number of non-idle machines for algorithm A at time .

Where the algorithm is clear from context, we sometimes omit the superscript for these
definitions. In addition, for a function f (e.g., V or §) we define the following notations:
Af(t) = fA(t) — fOPT(t), the difference at f value between the algorithm A and the
optimal solution at time t.
f=x(t) is the value of f at time t for class k.
f<k(t) is the value of f at time t over all jobs of class at most k. Similarly, f>x(¢) is the
value of f at time t over all jobs of class at least k
We also use * to denote the optimal solution. For example, V*(t) is the remaining time of
alive jobs for the optimal solution at time t.
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3  Minimizing Flow Time

In this section, we describe and analyze a distortion-oblivious algorithm for minimizing total
flow time for the non-migrative setting with competitive ratio of O(ulog P) against even an
migrative optimal algorithm. Note that when p is a constant this is the best known upper
bound.

3.1 Algorithm for the Non-Migrative Setting

The algorithm maintains a pool of jobs that are released and have not been processed at
all. In addition, it maintains at every machine a stack of alive jobs that have already been
processed by that machine. At any time, each machine processes the job at the top of its
stack. The algorithm handles two events: job release and job completion.

At job release, the algorithm checks whether there exists a machine that is empty or
currently processing a job of higher class. If such a machine exists, the algorithm places the
job at the top of that machine’s stack. Otherwise, the job is added to the pool.

Upon job completion, the algorithm pops the completed job from its associated machine
stack. Then, it observes the job ¢’ currently at the top of that stack. If the lowest-class job
¢"" in the pool has a lower class than ¢’ (or if ¢’ does not exist) then ¢” is moved to the top
of the stack of that machine.

The online algorithm is given as Algorithm 1.

Algorithm 1 Distortion Oblivious Non Migrative Scheduling Algorithm.

-

Event Function UponJobRelease(q)

2 if Exists an idle machine or a machine that currently processes a job of class
higher than £, then

3 L Insert ¢ to the top of that machine stack.

4 else
L Insert ¢ to the pool.

Event Function UponJobCompletion(q)

Denote by m; the machine g was processed on.

Pop ¢ from the stack of m;, and let ¢’ be the next job in that stack.

if the job with lowest class in the pool ¢" has class strictly less than that of ¢ or
q' does not erist then

10 L Remove ¢” from the pool and insert it to the top of the stack of m;.

© o N O

The following theorem (Theorem 2) shows that Algorithm 1 has a bounded competitive
ratio against an optimal offline solution for the input; in Appendix A.2, we show that
Theorem 2 is in fact tight for m > 2.

» Theorem 2. Algorithm 1 is O(ulog P)-competitive for inputs with distortion p.

3.2 Proof of Theorem 2

A useful and classic concept that we use in the proof, is called local competitiveness. An
algorithm is locally competitive if at every point in time ¢, the number of living jobs in
the algorithm at ¢ is at most some factor from that of the optimal solution at ¢. A classic
observation is that a locally c-competitive algorithm is in particular (globally) c-competitive;
this observation results simply from integrating over time. Observation 3 states this formally.
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» Observation 3. If for an input I it holds that at every time t we have §4(t) < c(I) - 6*(t)
then the algorithm A is c(I)-competitive with respect to total flow time on input I.

Note that at any time every machine stack has at most one job of each class. There are
[log P| classes, therefore at any time the number of partial jobs is at most mlog P. Also
note that if at time ¢ there is an idle machine (i.e., v(¢t) < m) then the pool is empty and the
the total number of alive jobs of the algorithm at time ¢ is 47 (¢) < mlog P.

We define T to be the set of times ¢ that v (t) = m; that is, the set of times in which
all machines are busy.

We start by proving the following lemma, that for every k& bounds the total remaining
processing time difference on jobs of class at most k& between the algorithm and the optimal
solution.

> Lemma 4. Ift € T then A<,V (t) < mpuy - 2872

Proof. Let ty be the earliest time such that [tg,t) C T. We define ) € [to,t) as the latest
time in [tg, t) that the algorithm has processed a job of class greater than & (if no such job
was processed during this interval then t; = tp). At time t; we know that there are no
pending jobs of class at most k in the pool. Therefore, all jobs of class at most k are already
assigned to a machine. Since every machine process at most one job of any class, there are
at most m jobs of any class at most k in the system. The worst case actual processing time
of a job of class i is mu; 2!, thus
k
A V(tg) < Zmpﬂ”l < mp12k+2.
i=1
In [tg,t) C T we processed only jobs of class at most k, implies that
ASkV(t) S Agkv(tk) S mu12k+2.

Note that arrival of new jobs adds to both V* and VALE the same amount and therefore
does not affect the proof. <

» Lemma 5. Ift € T then 642G (1) < (u+ 3)yALC(¢) log P + 2ud* (t)

Proof.
kmuz
M = Y s
1=Kkmin
<3 (En,
Iy 20/ 119
i=kmin
Emas
o~ V. (t AV_,(t
< Vil )2—;_ V=i(®) +mlog P
M e
k . k
25 () g 20T <N AV (t) — AV (t
< _1(1_)/“ s <i(t) “ AV 1(t) +4ALG (f) log P
i=kmin 2 /‘LLQ i=Kmin 2 /N2

k .
) o~ AV(t)  AVeg,.. ()
<ous () + Y 2L 1y | Dmact [y

1=Kmin

< 2u8*(t) + 44 (1) plog P+ 2uy7C () + v (t) log P
< (p + 3)YALC(t) log P 4 2ud* (t)

+ AALG (t)log P
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where the first inequality is since there are at most m partial jobs at each class. The

third inequality is since t € T thus yA%(t) equals m. The fourth inequality is since
5*(t) = Zf:g;n 0*(t). The fifth inequality is applying Lemma 4. <

Now we turn to prove Theorem 2:

Proof of Theorem 2. Using the analysis above, we can now bound the total flow time of
the algorithm.

FALG _ /6ALG(t)dt
t

= SALG (1) dt + SALG (tyat

teT t¢T
< / (1 + 3)y ALY (1) log (P) + 2ud* (t)dt + / FALE (1) log(P)dt
ter t¢T

<(u+3) logP/vALG(t)dt + 2u/5*(t)dt
¢ t

<(u+3)logP - F*+2u-F*
= O(ulog P)F™*

where the first inequality follows by applying Lemma 5. The last inequality follows since
F* = [, 6*(t)dt and [, yALC(t)dt < F*. <

4  Minimizing Total Stretch

In this section, we study the distortion-oblivious, non-migrative Algorithm 1 for minimizing
total stretch. We show that Algorithm 1 achieves the best possible competitive ratio for
non-migrative algorithms. We show that Algorithm 1 competitive ratio is O(u?) against
even an migrative optimal algorithm (Theorem 6). In addition, we also prove a matching
lower bound of Q(u?) even for the migrative case. Those results concludes that Algorithm 1
is optimal (Theorem 11) for minimizing the total stretch objective in the online setting.

The weight of a job ¢ is inversely proportional to ¢’s (actual) processing time; we denote
this weight by w, := i. Similarly, for a set of jobs @) we define wg as the sum of the weights
WQ = o Wy

In addition, we define W4(t) to be the total weight of the currently-alive jobs of an
algorithm A at time ¢ (and omit A whenever the algorithm is clear from context). We also
use a subscript predicate to restrict this notation to specific classes; for example, W_;(t) is
the total weight of living jobs of class exactly ¢ in the algorithm at time ¢.

4.1 Non-Migrative O(u?) Scheduling on Parallel Machines

In this subsection, we prove the following theorem.

» Theorem 6. Algorithm 1 is O(u?)-competitive for inputs with distortion u to minimize
total stretch.

Since stretch scheduling involves weights, here local competitiveness means that at every
time ¢, the total living weight in the algorithm is bounded by the total living weight in the
optimal solution. Through integration over time, it is easy to see that local-competitiveness
implies competitiveness, as stated in Observation 7.

16:7
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» Observation 7. If for any input I, at any time t, WA(t) < c(I)- W*(t) then the algorithm
A is ¢(I)-competitive with respect to total stretch.

We start with the following notation:
Let ¢;(t) be the currently processed job of machine j at time t (i.e., the job at the top of
machine j stack).
Let R(t) = {c;(t)|j € [m]} is the set of jobs being processed at time ¢.
Let S;(t) denote the the set of alive jobs that are on machine j stack, excluding the
currently processed job ¢;(t). Let S(t) = (J; 5;(t) the set of alive jobs in one of the
machines stack and not currently processed.
Let P(t) denote the set of alive jobs in the pool at time ¢.

» Observation 8. For any scheduling algorithm A, ft ZxERA(t) w, = n from the definition of
the stretch objective, since every job q is executed exactly py time in the algorithm. Therefore,
both OPT and Algorithm 1 has total stretch of at least n (W* > n).

We will split the proof into two lemmas. The first lemma (Lemma 9) will show that the
total stretch added from jobs being in the machines stacks is bounded by 2nu and therefore
from Observation 8 we get that this part is O(u) competitive with OPT. The second lemma
(Lemma 10) shows that the rest of the jobs time in the system add at most 42W* + 12u%n
stretch, which is O(u?) competitive with OPT. From this two lemmas, Theorem 6 follows.

> Lemma 9. [, 3" o) we < 2np.

Proof. At every machine stack, there is at most one job of each class. Every job x € S;(t) is
of class strictly greater than of ¢;(t).

kmaa

o H2 H2
ws;(t) = Z Wy < 5 < ey
zeS;(t) i=le;(t)

The weight of the currently running job of machine j is w, ) > . Hence,

__ 1
oles
Ws, (1) < 2HWe; (1)

Therefore, wg ;) < 24 - wr(y) and since ft WR() =N we get wg(yy < 2un that concludes the
proof. <

Let VZ(t) denote the volume of jobs in the pool of class i, VL. (t) = > __. VL (t) and
AVE(t) = VE(t) = VZ,(t). Let p(t) denote max,ep(s) Ly, the maximal class of a running job
at time ¢. From algorithm definition, all jobs in the pool are of class at least p(t), therefore
V<Pp(t) (t) = 0. We also define a(t) to be the largest class of an alive job. We now turn to
prove the lemma that bounds the weight of jobs in the pool.

» Lemma 10. Eajep(t) Wy < 6,U/2W* (t) + 121“’2 ZzeR(t) Wy -

Proof. Note that in case y(¢) < m, then the pool is empty and the lemma is trivially true;
since the left hand side is 0. Denote by C; the set of jobs of class i. The number of jobs in

p
C; N P(t) is upper bounded by %:(t) since the jobs in the pool aren’t processed yet. Each

job has a weight at most 5. Hence we get that
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a(t) a(t) P
VZI(t
I S S
i=p(t) € C;NP(t) i=p(t)
a(t)
_ VE(t)
=H2 2i . 9i
i=p(t)
alt) oy
<M2 V:i (t) + AV*Z (t)
-2 20 . 2i
i=p(t)
a(t) a(t) P
V(1) AVZI(t)
2 =1 2 =1
SM?Z 2 . i MQZ 2 .90
i=p(t) i=p(t)
First, we bound ,u% Z?(?(t) 272?). At time ¢, OPT has at least 2,+1( jobs of class ¢ with
weight at least 21+1 . Therefore:
V(¢ ) 1
W* = a
( ) 21+1NJ1 22+1,u1
which is equivalent to
VZi(t)
2 < 4 2 *
Ha - 9i .91 — WZ,(t)
and concludes that
a(t)
vz, .
i3 Y = < aewe ).
] 2t.2
i=p(t)
It remains to show that p3 Z?:(t;(t) A;%St) < 6u? 2 orer() Wa t 202 W (t):
2 f AVE®) _ f AVE(1) — AVE (1)
2‘ 2% . 9t —2‘ 2% . 9i
i=p(t) i=p(t)
at
_,2 i Avg(t) 2 AVga(t) (t) o A‘/<p (t)— l(t)
H2 - i+l . 9i 25a(t)+1 . 9a(t) 29p(0)+1 . 90(0)
i=p(t
alt *
_ 9 Z(:) AVE(t) 5 AVeqm (1) o0 Vepm-1(t)
H2 0 9i+1 . 9i 29a(t)+1 . 9a(t) 2p(t)+1 2p(t)
i=p(t
alt *
<u z(:) AVg( ) 2 AVean(®) zwgp(t)—l(t) i - 20
SHa 9i+1, H2 2a(t)+1 . 9a(t) 92p(H)+1 . 9p(t)
i=p(t)
o(t)
2 (m—1)m 24(m — 1) 271 *
U3 Y gy 2 ()
i=p(t)
2 1 2 *
§6/1'2:u1(m - 1) 2p(t) + 20" W ( )

<6my’ Z wy + 2 W™ (t)

zER(t)
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v
where the second mequahty is since 6%, (t) = M;}ipff)lrl
of class at most p(t) is W' The first two terms of the third inequality are according
to Lemma 4 of previous section (and the fact that AVZ (t) < AV;(t)). The right most
term of the third inequality is since W2 p(t)( ) < W*(t). The last inequality is since for every

x € R(t), wy >

and the minimal weight of a job

we get that 631 (m 1)271&) < 6mpu? erR(t) w,. We showed that

2"(25);4
u3 Z?:(tp)(t) A; QEt) < 647 3 e rr) We + 2p*W*(t) which concludes the proof. <

Now we can prove the algorithm is O(u?) competitive:

Proof of Theorem 6.

JED IR D SRUEY I DR
@€ Jobs(t) zeS(t) zEP(t)
§3nu+/6u2W* + 62 Z Wy
t zER(t)
< 3np+ 6 W* + 6p’n
< 15p°W*

where the second inequality is since ft Yo R(t) Wa =N (Observation 8) and the last inequality
is since n < W* (Observation 8). <

4.2 Total Stretch Lower Bound

We show Q(u?) lower bound for online distortion oblivious scheduling on multiple machines
even if job migrations is allowed. This lower bound proves that the online algorithm presented
in this section is optimal for total stretch minimization.

» Theorem 11. For every number of parallel machines m and for every constant distortion

1, every deterministic online algorithm ALG to minimize total stretch time has a competitive
ratio of Q(u?).

Proof. Without loss of generality the algorithm is non-idle; since every algorithm with
idle-time can be transformed to a non-idle algorithm b%/ simply processing a arbitrary job
during the idle time. Also assume that p > 2. Let ¢t = &-. We analyze the local competitive
ratio of the algorithm at time ¢ and then extend the result to (global) competitive ratio.

At time 0 release m - u* jobs of estimated size 1 (their actual size is in [1, u]). For every
job g denote by z, the amount of time ALG processes job ¢ until time ¢. For every job g,
define the actual processing time of ¢ to be:

p; = min(max(1,x; + €), p)

where € = % Note that the sum of the jobs processing time is at least m - ¢, since we assume
the algorithm is non-idle and there is enough volume to be processed. Denote:

1. D is the set of jobs that p; = p.

2. F is the set of jobs that x; <1 —e. In particular for all j € F', p; = 1.

3. P is the set of all the other jobs.

The above implies that:

|D| + |F| + |P| = m - u*.
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OPT processes the jobs with Shortest Time First. Therefore, OPT finishes all the jobs of size
at most § (in particular, all the jobs in F'). Note that the total remaining volume for all jobs
at ¢ in the algorithm is at most €(|P|+ |D|) + | F|. Since the optimal solution is non-idle, this
is also an upper bound for the total remaining volume in the optimal solution at t. However,
all pending jobs in the optimal solution at ¢ (with the exception of at most m jobs currently
being processed) have a remaining processing time of at most 4. Thus, the total number
of pending jobs in the optimal solution at ¢ is at most m + % - (e(|P] + |DJ) + |F|), which

is O(m - p? + ‘—5') Those jobs are in P and D and of size at least §. Therefore the total
weight of the optimal solution at time ¢ is:

W*(t) :O(m-u+|:;|>.

4

We turn to analyze the weight of the algorithm at time ¢t. Note that |D| < 2"1;{ < K
since otherwise there must be a job ¢ € D that 24, < p — €. The algorithm ALG:L remains
with the jobs in the sets P and F. Their combined size is |P| + |F| = m - u* — |D| > mT“Al
Since the algorithm ALG does not complete any of the jobs in F', it remains with weight of
at least |F| since the weight each job in F' is 1. Therefore:

WALG (1) > |F|.

Analyzing in different way, the algorithm remains with at least mT"AL jobs (of the sets P and
F) where the minimal weight of a job is % Therefore, the weight of the algorithm ALG at
time ¢ is:

m-pt 1

) = 0m 4.

ALG >
W (t)_Q< 5

That means:
WALG () = Q(m - 1i® + |F)).

Combining all, the local competitiveness at time t is:

which is Q(u?) local competitive ratio. To finish the proof, we use the standard “bombardment”
technique: at time t, we start releasing m jobs of size € = % every € time. The total weight
of the released jobs in each interval is mu. This is easily seen to extend the Q(u?) lower

bound from local competitiveness to general (global) competitiveness. |

5 Impossibility of online Immediate-Dispatching algorithms for Robust
Scheduling

In this part, we will show lower bounds on immediate dispatching algorithms in the distortion-
oblivious setting. We show that for both total flow time and total stretch objectives, there
are polynomial lower bounds in terms of the number of jobs n for arbitrarily close to 1 values
of p and P, even if randomization is allowed. We first prove the lower bound version for
deterministic algorithms (Theorem 12). Then we extend the proof to allow algorithms that
use randomness (Theorem 13).
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» Theorem 12. For m > 1, every online immediate dispatching deterministic algorithm
ALG, for every constant distortion factor u, has a competitive ratio of Q(, /%) with respect
to the total flow time objective.

Proof. Theorem 12. At the beginning (i.e., time 0) we release k jobs of estimated size 1,
the value of k will be determined later. Let x; and be the number of jobs assigned to machine
1 by the algorithm ALG.

Z.Z‘i:k.

1€[m]

Let 7 be the machine with the largest number of assigned jobs by the algorithm (i.e.,
J = argmaz;cj,)v;). For jobs assigned to machine j we set their actual size to be u, and for
the rest of the we set their actual size to 1.

zjp+(m—1)z; .
=H————=, with round

The optimal solution, completes all the released jobs by time t =
robin algorithm. The total flow time of the jobs until time ¢ is O(’;—? L)
By that time, the algorithm remains with volume of at least ;1 —t of remaining jobs

assigned to machine j. Plug in the value of ¢ and the remaining volume is:
k
xju—t=9<m-(u— 1)>~

From time ¢ until time ¢+ (k/m)? - u we release in intervals of u (i.e., t, ¢+, t+2u,t +3pu, ...)
m jobs of actual processing time p and estimated processing time 1. In total, during the
construction we release k +m - (k/m)? jobs.

At each interval, the optimal solution assigns the m released jobs to the m machines and
completes them by the end of the interval. Thus the optimal solution total flow time is

k2 k2
F* —m~(k/m)2~u—|—0( ~,u> —O( ~u).
m m
The algorithm at time ¢ remains with Q(£ (4 — 1)) volume (of jobs assigned to machine
j), therefore, since the maximum processing time of a job is u, at any tine between ¢ and

t + (k/m)? - p, the algorithm has at least Q(%(l - i)) alive jobs. Hence, the algorithm
ALG total flow time is

s (& o) o) (2 )

Therefore the algorithm ALG is Q(£ (1 — 1/u))-competitive with the optimal solution. The
number of released jobs during execution is n = k +m - (k/m)? = O(%) and therefore, in

other terms the algorithm ALG competitive ratio is (/2 (1 — 1/u)), which for a constant

W is Q(\/%) <

Now we prove the second theorem, Theorem 13 with the same technique we used at the
proof of Theorem 12.

» Theorem 13. For m > 1, every online immediate dispatching algorithm ALG that can

use randomness, for every constant distortion factor i, has a competitive ratio on(’\l/lg)

with respect to the total flow time objective.
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Proof. Theorem 13. We use Yao’s principle and describe a lower bound for deterministic
algorithms on a given distribution over the input. This yields a lower bound for randomized
online algorithms.

Release k jobs of estimated size 1 at the beginning, k/2 of them with actual size 1 and
the rest with actual size u. The algorithm ALG assigns the jobs to the machines. Let x; be

the number of jobs that the algorithm assigned to machine 4. Since the algorithm does not
zi

know the actual sizes at the assignment time, in expectation, every machine has %

jobs of
actual size 1 and % jobs of actual size p.

We denote by z; the number of jobs of actual size p that are assigned to machine i by the
algorithm. Similarly, we denote by y; the number of jobs of actual size 1 that are assigned to
machine i by the algorithm. Note that for every machine i, z; + y; = ;.

The optimal solution, can perform round robin algorithm and complete all the released
jobs at time t = 16(57;1) The total flow time of the jobs until time ¢ is O(’fn—2 : ,u).

Let j be the machine with the largest number of assigned jobs by the algorithm (i.e.,
j = argmaxie[m]mi). As before, z; > % The random variable z; is a binomial random

variable, z; ~ B(x;,0.5). Let G be the event that z; > % + \/%, note that the event G

happens with probability at least i (ie., P(G) > %) We analyze only the case that G

happens, in any other case we let the total flow time of the algorithm to be 0.

If G happens, then the algorithm ALG at time ¢ is left with Q (\/E (1 — 1)) of volume
of jobs that assigned to machine j.

Repeating the last part of the previous proof, from time ¢ until time ¢ + (k/m)? - u we
release in intervals of p (i.e., t,t+ u,t +2u,t + 3p, ...) m jobs of actual processing time u and
estimated processing time 1. In total, during the construction we release k +m - (k/m)? jobs.

At the beginning of each interval, the optimal solution assigns the m released jobs to the
m machines and completes them at the end of each interval. Thus the optimal solution total
flow time is

F*=m~(/€/m)2~ﬂ+0<i-u> =O(]:§-u>-

At the time between ¢ to t+ (k/m)? -y, ALG has at least £ - (1—1/u)+m alive jobs. Hence,
the algorithm ALG total flow time is

E[FALG] > P(G) - ((k/m)2 e <\/E (1—=1/p) +m> +Q(]:§ M>>

Therefore the algorithm ALG is Q (,/ (1-1/ u))—competitive with the optimal solution.

k
The number of released jobs during execution is n = k + m - (k/m)? and therefore, the
algorithm ALG competitive ratio is Q(%(l —1/w)). <
The lower bound also applies for stretch since all the jobs are in the range of [1, u|, therefore
considering the weights of the jobs can only decrease the competitive ratio by factor of p,
which is negligible related to the number of jobs n.

6 Discussion and Open Problems

In this paper, we present the first distortion-oblivious algorithms for total stretch, which have
optimal competitive ratio. This provides an optimal deterministic distortion-obliviousness
algorithm for the total stretch objective on both single and multiple machines. We also present
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nearly-optimal, distortion-oblivious algorithms for total flow time on multiple machines. We
also show that with immediate dispatching no algorithm with sub-polynomial competitive
ratio exists. It would be interesting to close the gap between the presented algorithms for
flow time, that achieve O(ulog P)-competitiveness, to the previously known lower bound of

Q(p + log P). Another direction of future work would be randomized distortion-oblivious

algorithms for minimizing total stretch.
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A Total Flow Time Appendix

A.1 LCF algorithm analysis for total flow time

In this setting, we use the LCF (Lowest Class First) algorithm. The algorithm maintains a
list of jobs L; first sorted by jobs’ class and then by release time. At any time the algorithm
processes the m first jobs of the list L.

» Theorem 14. LCF is O(ulog P) competitive for inputs with distortion p.
» Theorem 15. LCF is O(ulog p+ plog 7=) competitive for inputs with distortion .

» Corollary 16. For every pu, LCF is O(min(ulog P, julog pi+plog 2 ))-competitive for inputs
with distortion p.

Proof of Theorem 14. We skip most of the proof since it is almost similar to the proof of
Theorem 2. The proof is based on the following two lemmas, which their proof is omitted.

» Lemma 17. Ift € T then A<,V (t) < mpu 28+
» Lemma 18. Ift € T then d>k, <k, O <m(u+3) (ko — k1 +2) + 25;]% (t).

Similar steps as in the proof of Theorem 2 and plugging in Lemma 18 concludes the proof. <«
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Proof of Theorem 15. Lets define the group of a job ¢ as the unique integer i such that
pg € [2¢,271)] differently from the class of the job, the group is defined over the actual
processing time rather than the estimated.

Let k be the maximum integer k such that for some time ¢t € T, §£¥ () > m (note that
SLCF (1) > m is the number of alive jobs of class at least k, not group). If such integer does
not exists, then the set 7' is empty. In addition, for this proof we define k., differently; as
the lowest group of a job. Let T; C T, j = Eumin...k, be the set of times that all the machines
are busy and the maximal currently processed job group is j. Let Ty, C T be the set of
times when all machines are busy and at least one machine is processing a job of group higher

than k. Observe that T}, Ty, defines a partition of T . We can write the total flow time

min *

of LCF as:
FLCF — 5LCth + 5LCth
tgT teT
E+1
= / VP Wdt+ Y / SECF (1) dt.
t¢T Fomin JHET

Note that Vt € T; we have 0 ;_fi0g () < m since the algorithm currently process a job of
group j. Also note that for any time ¢ we have d_z(t) < m from the definition of k. By these

two observations we get that for any group j, Vt € T; §L¢F (t) < 2m + 5§§-’Tﬂog ] <,;+1(t)-
k+1
FLCE g/ ~AFOF () dt + 2m + 6LC¢F ~ . (t))dt.
By plugging in Lemma 18:
k+1 ~
FLOF < / YRt + Y / (2m +mu(k — j + 3+ [logu]) + 2625, (1))dt
t¢T G=kmmin Y t€T -
which implies:
k+1 -
FLCF < / YO ()dt + (3 + 2) / mdt+ 3 mu(k— J)IT;]
tgT teT J=Ekmin
k+1
+ S (T mpllog ] + 2/ 5, ()t
Pl teT =

where the first two terms fth FECE(t)dt + (B + 2) [, mdt are at most (3u + 2)F*
since [,v4L¢(t) < F* and for any t € T we have y*L9(¢t) = m. The fourth term,
Z?;L;mm |T;Impu[log i equals pflog ] [, p vEC (t)dt since T} defines a partition of T'. Us-
ing the fact [, yALG(#)dt < F* we have that the fourth term is bounded by u[log ] F*.

The right most term, ft T 1) dt < F*, from the definition of local competitiveness. In

. fer 82y (1)
addition, for j = k the mid term is negative. Therefore we can write:
lzz —
FEOF < (uflogp] +3u+4)F* +p Y m(k—j)|Ty|.
J=kmin

Now we have the following lemma, which its proof is adapted from [14] (lemma 8). Their
lemma was proved for SRPT. We show that it also holds for LCF. Note that in our proof,
the sets T are defined according to the original group while in the original proof the sets T}
are defined according to the remaining processing time group.
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» Lemma 19. F(n) = Z?kam m(k — j)|T;| = O(F* -log ).

Proof of Lemma 19. Let T; be the set of times that machine | processes a job of group
j. At every time t € T} is also a part of m sets Tl where j; denotes the group of the job
processed on machine £. Also, at every time ¢ € T} the maximal group of a job is j, therefore
k — j < k — j, for any machine ¢ and the following inequality follows:

i DI <Y Y G

J=kmin Kmin JE[ ]

Every job of group i gives a contribution to the above equation of at most (l% —)2iF1, Let
n; denote the number of jobs of group j, therefore:

;
n) < Z — )2’
=kmin

Note that this is only possible because we consider the group of the job, and therefore the
maximal processing time of the job is 27! rather than 291 . uy. Let I; = nj_, - 287, for
i = kmin, ---, k. Then the sum becomes:

k—kmin

F(n)<2- > i1

i=0
In order to bound the function F'(n), we maximize the function subject to two obvious
constraints:

kmin

Z I<qu

Kmin

Z 2. I; <n -2k,
To complete the proof we use the following lemma proved in [14].

» Lemma 20. Given a sequence ai,as, ... of non-negative numbers such that 2121 a; < A
and 2221 2¢.a; < B then Zi21i'ai < log(%) A

We use Lemma 20 by setting a; = I; for i = 0, ..., k — kmin, A = quq and B =n - 2k,

qu

By the definition of k£ and that Zq pq < F* we get that:

k—kmin

Z zI<log

=0

k7k7r7,in
n
F(n) < i - I; = O(F* - log —
()< 3 i+h=O(F o )
and that concludes the proof. |

Note that Lemma 19 concludes the proof, since:
FYOF < (ulog ] +3p+4) - F* + O(plog %) - F* = O(plog pu + pulog %) -F*

as required. <
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A.2 LCF and Algorithm 1 are 2(u log P)-competitive

We argue that the theorems Theorem 14 and Theorem 2 are tight for m > 2. We show that
by a single construction for both algorithms, that is built using L = [log " P] — 1 phases. We
first describe the input construction, prove for the LCF algorithm and then explain that on
this input both algorithms act exactly the same and the proof holds for both. For simplicity
we assume that m and p are even. Denote by r; the time that phase 7 begins and is defined
as follows:

P
(2p)"
ro=0; 1 =ri1+2F;

P, =

For ¢+ = 0,1,...,L — 1; at time r;, we release 37’” jobs of actual processing time P;, their

estimated processing time is also P; (i.e., with no estimation error). Let e; = r; + 351'. At
“ jobs of processing time % with estimated time P;.

The optimal solution can perform round robin algorithm and completes all the jobs that

time e; we release

has been released at time r; by time e; and the jobs released at time e; it completes by time
ri+1. Therefore at time rp, the optimal solution completes all of the released jobs.

The algorithm LCF will always prefer jobs released at phase i+ 1 over phase i. Therefore,
by time e; LC'F' completes precisely m jobs that released at time r; and the remaining m/2
jobs are processed precisely for % time. In addition, LC'F also process jobs of previous
phases. Inductively, we show that for i > 1, those jobs are with remaining processing time
of at least 2P; at time r; (and therefore also at r; + P;). Hence, the jobs from previous
phases will be left with at least P; processing time until phase 7 + 1. Therefore neither of the
remaining jobs at any phase until i is ever finished.

At the time between e; and r;11, LC'F continues to process the m/2 jobs released at time
r; and on the other m/2 machines it processes the jobs released by time e;. LC'F completes
7 and remains with ZF with processing time % (unprocessed). Since % > 2P; 41 this
completes the induction.

At every phase, LC'F' added "} jobs, that as discussed are not completed, and therefore
g (r) = QUL - mp) = Qmplog,, (P))

while the optimal solution remains with no jobs. To finish the proof, we use the stand-
ard “bombardment” technique: at time rp, we start releasing m unit-jobs. This is easily
seen to extend the Q(yulog,, P) lower bound from local competitiveness to general (global)
competitiveness.

Note that on this instance, since LC'F’ does not need to do any migration and therefore
Algorithm 1 actually behaves the same and the analysis also shows that Algorithm 1 analysis
is tight.
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