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Abstract

This paper presents a strategy for scheduling transfers
of data items from a single source to a single destination.
We are motivated by the scenarios in which an author with
limited connectivity relies on a remote publishing server for
sharing data items with readers. Our strategy is based on
the Shortest Job First (SIF) algorithm with the computa-
tional cost expressed in terms of the transfer time and the
number of readers waiting for an item. We consider cases
with static and dynamic popularity of items. We prove that
our strategy is optimal in the static case. For the dynamic
case, we use simulation results to demonstrate that our
strategy results in lower average waiting time when com-
pared to an SIF algorithm that bases its decision only on
the expected transfer time or only on the popularity of a
data item.

1 Introduction

This paper presents a novel strategy for scheduling trans-
fers of data items from a single source to a single destina-
tion. This strategy lowers the average waiting time for a
group of readers waiting for the items to become accessible
at the destination. It is suitable for scenarios in which an
author with limited connectivity — insufficient bandwidth,
underpowered server resources, or a long-latency link to its
readers — relies on a remote publisher for sharing data items
with the readers.

This work is motivated by the typical Web publishing
infrastructures of today, in which the content is uploaded
from an author’s host to a Web server and not directly to the
readers. If the data items are large with respect to the up-
load link capacity — as in the case of sending high-resolution
images or long video clips over a broadband connection or
over a wireless link of a mobile device — the author may be
interested in reducing the time the readers have to wait for
the items of their choice to become available. Concrete ex-
amples of this are Web-based personal file sharing services
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Figure 1. The modeled scenario: A set of items (6;)
is being uploaded to the publisher. Some of them will
be requested by the readers. The publisher informs
the author about the popularity (p;) of each item.

like .Mac [1] and Streamload [3] that allow users to share
large files, as well as services specifically for hosting multi-
media content. Content distribution networks, such as Aka-
mai [15, 9] and Mirror Image Internet [2], in which large
files are replicated on servers that are geographically close
to users, can also be viewed as examples of publishers serv-
ing authors that have limited connectivity. If files are repli-
cated “on demand,” e.g. in response to an increase in pop-
ularity, then minimizing the waiting time can be critical for
maximizing performance.

Our strategy is a variation of the Shortest Job First (SJF)
algorithm with tasks being data item transfers and with the
computational cost for each task expressed in terms of both
the expected transfer time for an item and its popularity.
The scheduler can compute the former based on the size of
the item; the latter comes from the publisher in the form of
a count of the readers requesting the item. Multiple requests
from a reader for the same item are treated as one.

We assume that for each run the author has a finite set
of data items to upload. The publisher knows the set before
the transfer begins (e.g. by receiving an index of all items)
and is able to store all of them. Furthermore, we assume
unlimited link capacity between the readers and the pub-
lisher, but limited link capacity between the publisher and



the author. Thus, in our model, a reader may request any
item in the set as soon as the upload of the set from the au-
thor commences; the item becomes available to the reader
as soon as it has been fully uploaded to the publisher. The
time between the arrival of the first request for an item and
the completion of its upload is waiting time. The item will
remain on the publisher to service future requests promptly
(with the waiting time of zero). This setup is illustrated in
Fig. 1 with items shown as #; and their popularity as p;.

These assumptions are realistic for the examples that mo-
tivated this work, in which the author-to-publisher upload
process is the bottleneck (if it is not, there is no need for so-
phisticated scheduling). This bottleneck appears whenever
the ratio of data size to link bandwidth is high. For example,
transferring the contents of a 500-GB hard disk over Giga-
bit Ethernet and transferring a dozen videos, each 10 MB,
over an ADSL connection (maximum 128 kbit/s upstream),
both require over an hour. The transfer time is similar for a
dozen high-resolution images, e.g. 6.5-MB “raw” files from
an 8-megapixel camera, traversing a 3G wireless link. In the
evaluation of our work, we do not consider link bandwidth
explicitly, but instead we experiment with a wide range of
item transfer times, which can be related to concrete scenar-
ios, such as those listed above.

We present two versions of the proposed scheduling
strategy. The first one, described in Sec. 2, is static, in the
sense that the popularity of data items is fixed and known
when the upload starts. We prove that the SJF scheduling
based on the ratio of size to popularity results in the mini-
mal average waiting time.

The second strategy, presented in Sec. 3, allows for re-
quests to arrive during the upload. Using a simulator, we
demonstrate that in this case basing SIF scheduling on the
ratio of size to popularity often results in significantly lower
average waiting time than basing scheduling on size or pop-
ularity alone. Finally, we considered the issue of preemp-
tion, i.e. interrupting a transfer to schedule a higher-priority
item, and found that it lowers average waiting time only
with small item sets (at most 6 items).

2 Static Case

In this case, we assume that the popularity of each item
is fixed and known before the transfer starts. This means the
scheduler only needs to make a decision once, at the begin-
ning of the transfer. Replication of files from an overloaded
server to remote content distribution servers is an example
of such a scenario. Since the original server is responding to
the growth in popularity of certain files, their access pattern
can be used to make a static scheduling decision. The defi-
nitions and the proof in this section serve as a starting point
for the next section’s discussion of dynamic scheduling.

Consider a set © of IV tasks (the data items to be up-
loaded, in our case):
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If time starts at the moment when the set © is ready to be
transferred to the publisher, and if f; is the time when task
; has been uploaded, then the average waiting time (AWT)
for all tasks of this set under a schedule o is

AWT(e) =+ 3 filo) @

0<i<N

This definition of AWT expresses the average of the waiting
times experienced by a reader waiting for every task from
the beginning of the transfer. To account for items requested
by more that one reader, we include the popularity p; of
item 6; (i.e. the number of readers served by it) into the
expression:

L1
AWT(U):M Z pifi(o). (3)
0<i<N

And instead of averaging over the total number of tasks IV,
we average over the total number of outstanding requests

M:
Mé Z Di,
0<i<N

pi >0 Vi

Notice that if p; = 1 V 4, then (3) is equivalent to (2). The
unrequested items (p; = 0) are not included in the wait-
ing time since nobody waits for them. We assume that their
transfer is deferred until all requested items have been trans-
ferred. Each term p; f;(o) of (3) represents the cumulative
waiting time for all the readers that requested the task 6;.

2.1 Static Algorithm

It is well known that the basic SJF algorithm results in the
minimal AWT of (2). (See, for instance, the discussion of
shortest-processing time scheduling in Conway et al. [8].)
This algorithm schedules the tasks according to their com-
putational cost ¢; (the size of a data item in our case) with
the smaller tasks preceding the bigger tasks.

The basic SIF algorithm needs to be modified to accom-
modate (3):

Theorem 1. To minimize (3), a scheduling algorithm must
schedule tasks in the order of increasing equivalent compu-
tational cost, defined as

e
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where ¢; is the computational cost of the task 6; and p; is its
popularity.
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Figure 2. Two schedules in the static case: o (op-
timal) and ¢, differing in the order of tasks 64 and
0.

Proof 1. Consider two schedules, o and o/, identical but
for the order of two adjacent tasks 64 and fp, as shown
in Fig. 2. We prove that if the optimal schedule prioritizes
the costlier of the two tasks, then we get a contradiction.
Assuming o is the optimal schedule, from (3) we get

e S (T S ACORM)

0<i<N 0<i<N

Since the final times f; of all tasks other than 64 and 6p
is the same for both schedules (see Fig. 2), we define the
quantity « as:

o= X mhle) =5 X nifilo)

0<i<N 0<i<N
i#£A,B i#£A,B

Now (5) can be rewritten to highlight the differences be-
tween the two schedules as:

1

M<Oé + fa(o)pa + fB(U)pB)

1
< (oz + fa(o)pa + fB(cr’)pB)- ©)
From Fig. 2 one can see that

falo)=74ca fplo)=7T+ca+cp
feldY=71+cp falc))=71+cp+ca,

where 7 is the sum of all computational costs of the tasks
before 6 4 in the schedule o and before 65 in the schedule
o’. By substituting the previous expression of f4 and fg
in (6) and simplifying the common terms on both sides we
obtain

cApB < CBPA,

and, since p; > 0 V i (we only deal with items that are
requested), we have

CA CB
pa PB

Or, in other words,

which contradicts our initial hypothesis that ¢} > c5%.
Therefore for o to be the optimal schedule, c¢; < cj,,, V1
must hold.

To obtain the lowest AWT, tasks must be scheduled in
the order of the increasing equivalent computational cost
defined in (4). Essentially, the computational cost ¢; of 6; is
prorated by the number p; of users served by that task.

When the behavior of readers is unpredictable, one can-
not assume that the popularity p; of each data item is fixed
and known when the transfer of items begins. A more gen-
eral model would accommodate changes in the popularity
of data over time p;(t) and would extend the definition of
AWT to allow the requests to arrive at any time. Such a
model is presented next.

3 Dynamic Case

When requests for a specific data item arrive dynami-
cally, the waiting time for each reader depends both on the
arrival time of the request and on the time when the item is
completely uploaded at the publisher (f; for item 6;). Since
the global number of requests M for all items is not known
until all of them are transferred, we define the number of
requests at time k as

Mk = Y pilk),

0<i<N

where p;[k| is the number of requests for the data item 0;
at time k. The expression of the AWT in the dynamic case
is then also dependent on k. In particular, the AWT for the
whole set of data items is available only for k > fx, where
fn is the finishing time of the last task. We then extend the
expression of AWT to accommodate dynamic requests as

AWTIk] & zﬁ:} > Silkl, (7)
0<i<N
where
min{k,f; }
Silk] = Z (pild] —=pili = 1)(fi =7) ()

is the contribution at time k of task 6; to the total AWT. In
other words, this term represents the number of users that
have requested the task 6; and for how long each of them
had already waited for it at time k. Each S;[k] is the product
of two distinct parts:

(pilj] = pils — 1)),

which is the number of requests that arrived between j — 1
and j for the task 6;, and

(fi =3)s



which is how long that task had to wait, either until the cur-
rent step k or until the finishing time f;, whichever is earlier,
as selected by min{k, f;}.

3.1 Dynamic algorithm

In Sec. 2 we augmented the standard SJF algorithm with
a new notion of computational cost, so that the AWT of (3) is
minimized. When requests arrive dynamically, however, no
optimal algorithm can be derived because no strategy can
minimize the AWT — as defined in (7) — without knowing
the pattern of future requests p; [k].

For a sketch of a proof, consider a set of tasks made up
of only two items 6 4 and 6. The scheduler must choose at
k = 0 whether to first transfer 64 or 6. However, at that
time it is not possible to estimate the contributions of the
two tasks to the total waiting time since that depends on the
pattern of future requests p;[k] (with 0 < k& < fy), which s
not known until £ = fy. Since it is not possible to choose
between two tasks, it is also not possible to do it with more
than two.

Nevertheless, it is still possible to extend the notion of
the equivalent computational cost from Sec. 2 to the dy-
namic case, and compare it to other approaches using sim-
ulations. We define the dynamic equivalent computational
cost as

k] = — )

where ¢; is the expected transfer time for the item 6; (like
for the static case) and p;[k] is its popularity at time k.

3.2 Algorithm evaluation

Here we present the results of simulating the behavior
of the SJF that uses (9) as the notion of cost. We call this
approach the size/popularity algorithm. We compare it to
the SJF that uses as cost just the item size or just the item
popularity. We refer to the former as the size-only algorithm
and to the latter as the popularity-only algorithm.

We implemented two queues on the author: a priority
queue for the items that have received at least one request
and a pre-fetching queue for all other items of the set. The
size-only algorithm does not consider requests at all and
uses only the pre-fetching queue. At the beginning of the
transfer, all items are in the latter queue but as soon as re-
quests start to arrive, the requested items are moved from
the pre-fetching queue to the priority one. The items in
the pre-fetching queue are scheduled for transfer using the
size-only algorithm. Items in transfer from the pre-fetching
queue are preempted by the ones in the priority queue.

3.2.1 Experimental setup

We measured the AWT, as defined in (7), in a simulation
of a transfer of a set of 100 items with a fixed mean item
size. Requests for items were scattered uniformly through-
out the transfer period (Poisson arrivals) and each scenario
was evaluated between 0.01 and 10000 requests per average
transfer time with a resolution of 5 sample points/decade.

Although the mean item size was the same in all exper-
iments, we varied the distribution of item sizes. We exper-
imented with sizes uniformly distributed between several
pairs of values, including a pair of identical values, which
resulted in the special case of a constant size for all items.
We also experimented with the Pareto distribution using dif-
ferent values of o and (3 to control the shape and the location
of the tail.

Similarly, we varied the probability of an item being re-
quested, i.e. the distribution of popularity among items. We
tried both uniform and normal distributions, with different
variance values to control the extent to which certain items
dominate in popularity. We experimented with all possi-
ble combinations of size and popularity distributions, trying
different configurations of each, but we present here only
the most representative results.

Each presented AWT is the mean of 10 runs, each using a
different request pattern p;[k| with the same item set ©, and
90% confidence intervals shown for determining whether
the difference between algorithms is significant. In all ex-
periments we consider the expected transfer time to be di-
rectly proportional to the item’s size. Therefore, our model
assumes that the upstream bandwidth of the author does not
vary during the transfer.

3.2.2 Discussion

We found that the proposed size/popularity algorithm al-
ways gives at least equal and often better AWT than the size-
only and the popularity-only algorithms. The magnitude of
the performance improvement, however, depends on the re-
quest arrival ratio.

Fig. 3 shows the scenario in which all items have the
same size and the uniformly distributed popularity (i.e. they
all have the same probability of being requested). Here,
size/popularity performs better than size-only, while it of-
fers the same performance as popularity-only. For high vol-
umes of requests — more than 3000 requests/average transfer
time — all three algorithms behave equally well. The reason
for this is that the differences in popularity become negli-
gible for high request rates since the requests are uniformly
distributed over the set of items.

For very low request rates, the difference between
size/popularity and size-only decreases because when no re-
quests arrive for a specific item before it is transfered, its
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Figure 3. AWT of three SJF algorithms given con-
stant item size (15) and uniform distribution of re-
quests.
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Figure 4. AWT of three SJF algorithms with uni-
formly distributed item sizes (1-29) and uniform dis-
tribution of requests.

contribution to the AWT is zero, as can be seen in (8). In
this range (request rate < 1), two behaviors are noteworthy:

First, the size-only algorithm has large confidence inter-
vals because the AWT varies a lot from run to run. This is
because when few requests arrive, the AWT is determined
on the basis of few contributions. If a request arrives for a
large item (that will be scheduled late in the run), then the
AWT will be high. If instead a request arrives for a small
item (that may have been already transfered) the resulting
AWT will be close or equal to zero.

Second, when the arrival rate of requests is equal to the
transfer time for an item, the expected AWT for the two
strategies that take into account the popularity of items is
exactly equal to the average transfer time (15 in all our ex-
periments). This is because when a request arrives, it is
likely to be the only one to be served. The requested item
is therefore immediately scheduled for transfer, making the
AWT only equal to the time necessary to transfer the item.
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Figure 5. AWT of three SJF algorithms given con-

stant item size (15) and Gaussian (i = 50, ¢ = 25)
distribution of requests.
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Figure 6. AWT of three SJF algorithms with uni-
formly distributed item sizes (1-29) and Gaussian
(u = 50, o = 25) distribution of requests.

When item size varies, both the size/popularity and the
size-only algorithm result in lower AWT at high request
rates, as shown in Fig. 4. The popularity-only algorithm,
which ignores the size, results in the same values of AWT as
in Fig. 3. In this setting, with uniformly distributed item
sizes, the proposed size/popularity algorithm always per-
forms better than the other two in the range of 1-200 re-
quests/average transfer time.

Next, we explored the scenario in which some items are
more popular than others by using a Gaussian distribution of
popularity. Fig. 5 shows the results of that simulation with a
constant item size. The two algorithms that take into consid-
eration item popularity perform identically, achieving lower
AWT than with uniform request distribution (Fig. 3).

Results of combining varying item sizes and varying
popularity — the most realistic configuration so far — are
shown in Fig. 6. In this case the proposed algorithm outper-
forms the other two when more than 1 request per average
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Figure 7. AWT of the size-only and size/popularity
SJF algorithms with Pareto distributed item sizes at
different values of the shape factor «, from 1.05 to
10.

transfer time arrives.

In many large collections of documents, including files
transported over the Internet using TCP, the size follows
“long tailed” distributions [19]. To study the SJF algorithms
under those circumstances, we experimented with a Pareto
distribution and varied the shape factor «v, which determines
where the long tail starts. To maintain the constant mean
item size, we truncated the tail of the Pareto distribution at
30 times the mean item size.

Figure 7 shows the AWT with different shape factors
for the size-only and size/popularity algorithms (the per-
formance of the popularity-only algorithm is independent
from the item size distribution). We observed an increase in
the AWT as « increased (i.e. as the probability distribution
curve got steeper). For a@ > 10 the variance among sizes
was small enough (p < 2.2-1073) that the results resemble
the scenario with a constant item size (Fig. 3). With small
a, on the other hand, both size-only and size/popularity al-
gorithms take advantage of the large difference in the item
sizes and result in low AWT. As before, size/popularity per-
forms better at low request rates.

3.2.3 Preemption

So far, we have considered algorithms in which item trans-
fers proceed uninterrupted. To understand whether pre-
empting a transfer can lead to a lower AWT, we simulated
the SJF algorithms above with the computational cost de-
fined as

N ¢ k]
ci k] = )
pilk]
where céef k [k] denotes the remaining computational time of

task 6; at time k. This cost was recomputed not only when
each transfer finished, but also when each request arrived.

If the cost was lower for an item different from the one cur-
rently being transferred, the transfer was preempted and the
item with the lowest cost was sent instead.

Surprisingly, we found no significant differences be-
tween preemptive and non-preemptive versions. We at-
tribute this to the relatively high number of items (100) in
the set ©. Simulations with small item sets showed that
the preemptive algorithm gives a lower AWT (at most 10%
improvement, with a set of two items) until the set size
reaches six. Beyond that, preemptive and non-preemptive
versions perform identically for every request arrival rate.
However, if the assumption of Poisson arrival of requests
does not hold, preemption can produce benefits with larger
item sets.

4 Related Work

The scheduling problem has been studied extensively
and a large body of literature is available on the sub-
ject[4,5,7].

From the theoretical point of view, the general prob-
lem of scheduling N processes on M machines has been
demonstrated as NP-hard for IV and M larger than two [11,
14]. However, non-optimizing solutions for many common
scenarios have been developed. As early as 1976, Pan-
walkar et al. [18] surveyed over 100 different scheduling
heuristics.

Some of the solutions are specifically for file transfer
scheduling [12, 13]. This paper reexamines the file schedul-
ing problem in a novel setting — a file publishing infrastruc-
ture that reports item popularity — and presents a thorough
analysis of both static and dynamic cases.

During the last few years, perhaps due to the emergence
of the content distribution networks (CDNs), file transfer
scheduling research gained in popularity. Several teams
worked on the problem of lowering the transfer time for a
set of nodes involved in peer-to-peer exchange of files over
a mesh topology [6, 10, 16]. In contrast, we schedule trans-
fers of data items over a single link and aim to lower the
average waiting time. In our model, the readers, which are
equivalent to the clients in a CDN, are not known to the au-
thor.

Outside the domain of file scheduling, shortest-job-first
processing techniques have recently been shown to mini-
mize the length of queues in Internet routers and, thus, alle-
viate congestion [17].

5 Conclusions

We have presented a variation of the Shortest Job First algo-
rithm for scheduling transfers of a set of data items from an
author with limited connectivity to a publisher with no con-
nectivity limitations. The variation consisted of redefining



the computational cost for each task in terms of the ratio of
the expected transfer time c; for an item ¢ to its popularity
p;. Essentially, our strategy favors the most popular and the
smallest items: they become available as soon as possible,
thus lowering the waiting time for the readers.

The formula for the new computational cost ¢} is

pilk]’

We proved that scheduling data items by placing the least
costly ones first minimizes the Average Waiting Time
(AWT), as defined in (2), when p; does not change with time
and the scheduling decision is made once, at the beginning
of the transfer (the static case).

We then extended this result to derive an algorithm that
lowers the AWT, as defined in (7), when the popularity p; [k]
changes over time and scheduling decisions are made upon
completion of each transfer (the dynamic case). We showed
how this algorithm performs better overall than a simpler
SJF that uses as computational cost only the item size or
item popularity. Furthermore, we found that unless the item
set is very small (six or fewer items), preempting transfers
does not help performance.

In the future, we plan to enlarge the scope of our inves-
tigation to scenarios with non-Poisson request arrival pat-
terns (most notably, the “flash crowd” effect), as well as to
the more complex item distribution topologies.

cilk] =
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