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Abstract— close to the lower bound. Hameed and Vaidya [8] apply ex-

In order to effectively utilize the broadcast bandwidth, it is necessary isting fair queueing algorithms to broadcast scheduling. Most
to have efficient on-line scheduling algorithms that can balance individ- of the research [3], [7], [10], [11] on broadcast scheduling fo-
ual and overall performance and can scale in terms of database sizes and ’ ! ) . .
client populations. Moreover, the scheduling algorithm should be applica- CUS onpush-basettroadcasting; that is, the server delivers data
ble to a heterogeneous environment where data items have different sizes.using a periodic broadcast program based on precompiled ac-
We address these issues in this paper. As stretch is widely adopted as &ess profiles and typically without any active user intervention.
performance metric for variable-size data requests, we propose a broad- L . - .
cast scheduling algorithm to optimize the system performance in terms Such schemes are limited in their ab"'ty to adapt to dynamlc

of stretch. We show by analysis that the proposed algorithm can indeed USer needs.

achieve the optimal performance in terms of stretch. Moreover, the pro- . . .

posed scheduling algorithm has very low decision overhead, which makes 1 here is another kind of broadcastingn-demand (pull-

it a practical solution for on-demand broadcast scheduling. Simulation based)roadcasting, where a large and dynamic client popula-

results demonstrate that our algorithm significantly outperforms existing  tjgn request data from an information server which broadcasts
heduling algorith i i0s. : X

scheduling algorithms under various scenarios data to the clients based on these requests. Aksoy and Franklin
| INTRODUCTION [4] initiate the study of on-demand broadcast scheduling. They

) o o ] _ proposed ak x W scheduling algorithm which provides bal-
For dissemination-based applications, unicast data de“"%ﬁ_’ced treatment of both hot and cold data resulting in a good

as used by current web servers may not be scalable. With Ugjjara| performance. The algorithm combines MRF and FCFS,
cast, a data item must be transmitted for each clientthat requests yses a novel pruning technique to reduce the computation
it, and then the load on the server and the network increaggs head. Unfortunately, thE x W algorithm assumes that
with the number of clients. Broadcasting techniques have 9aoghn gata item has the same size. Hence, it is not suitable
scalability since a single broadcast response can potentially §g{~ariable-sized requests because response time alone is not
isfy many clients simultaneously. A key consideration in the dg-t5ir measure to evaluate different sized data. Acharya and
sign of broadcast system is the algorithm used to schedule {¢h krishnan [1] addressed the broadcast scheduling problem
broadcast. Scheduling algorithms have been extensively Stiydseterogeneous environments, where data items have different
ied in the context of operating systems. Traditional scheduliges The solution is based on a new metric calladtch. de-
algorithms such as first come first served (FCFS), round robifieq a5 the ratio of the response time of a request to its service
shortestljob first, are used in processor scheduling and d|sI§ tﬁ%_ Based on stretch, they proposed a scheduling algorithm,
scheduling. These scheduling algorithms are used to optimizie |ongest total stretch first (LTSF) to optimize the stretch
the response time, throughput, or fairess. Since most of thggg achieve a balance between the worst case and the average
scheduling algorithms are designed in the point-to-point CORlige A straightforward implementation of LTSF is not practi-
munication environments, they may not be applicable to tg; for 4 large system, as at each broadcast time, the server has
broadcasting environments. . to recalculate the total stretch for every data item with pend-
A number of researchers addressed issues on broadg@gtequests in order to decide which data to broadcast next,

scheduling. For example, Wong [12] studied several schedgilyd hence the scheduling algorithm becomes a bottleneck due
ing algorithms such as first-come-first served (FCFS), longgsthe high computation overhead.

wait time (LWT), most requests first (MRF) in broadcasting

environments. Researches in [6], [9] investigate techniques t ¢ q d broad based he ob
index the broadcasted data to save power in mobile enviri?™M for on-demand broadcast systems based on the observa-

ments. Su and Tassiulas [10] formulate the broadcast sched{@f t?}fat LTfS':] is not opticrinail in .tﬁrm_s Orf] overall stretchl. The
ing as a dynamic optimization problem and propose efficighic€ thing of the proposed algorithm is that it Is extremely sim-

suboptimal solutions which can achieve mean access Iateﬂk‘%and the computation overhead can be significantly reduced
compared to LTSF. We present analytical studies as well as de-

This work was supported in part by the National Science Foundation C@'!ed simulation experiments to '_OaCk up th_esg _clalms. Simu-
REER Award CCR-0092770. lation results show that our algorithm can significantly reduce

n this paper, we propose a stretch optimal scheduling algo-
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the overall stretch and have a comparative worst-case sysspands a lot of time on making scheduling decisions. Ths, we
response time compared to existing scheduling algorithms. also measure the decision overhead.

The rest of the paper is organized as follows. Section Il de[ll T HE STRETCH OPTIMAL SCHEDULING ALGORITHM
velops necessary background. In section Ill, we present ;Q_eAn Example

stretch optimal scheduling algorithm and provide analytlcalIn LTSF, the server maintains a que@efor each data item

models to demonstrate its optimality in terms of stretch. ,Sebci'nce there may be multiple requests for the sameitdett ;
tion 1V evaluates the performance of the proposed algor'thg]enote the arrival time of the' request of item. s; denote

Section V concludes the paper. the data size of iten), and B denote the broadcast bandwidth.
Suppose the current timedsBroadcasting item at timet has

[l. PRELIMINARIES ;
the following stretch.

A. The System Model

Similar to previous work on broadcast scheduling [4], [10], Streteh(i) = Z t+ % —tri (1)
[12], we assume that the environment consists of a number of B

. . kEQ; B
clients that use uplink channels to make requests/demands QIIhe LTSF algorithm selects the data item with the maximum

data items from the server. The server uses a downlink (broa tch (based on Equation 1) to broadcast. Althoudh it is int
cast) channel to broadcast the responses. There is a siﬁ&ﬁec (based on Equation 1) to broadcast. ough Itis intu-

broadcast channel that is monitored by all clients and that { gly correct Ina pomt—pomt communication e_”"'“’”'f“e”t’ I
y not be optimal in an on-demand broadcasting environment.

channel is fully dedicated to the data broadcast. When a cligﬁ | datab has two data it h that
needs a data item that it cannot find locally, it sends a requegf example, SUppose a database has two data items such tha
1, s = 2. Assume that the request queues of these items

to the server. These requests are queued up at the server (ipon S

arrival. Based on the scheduling algorithm, the server repe_%rtg":Q]L = {t1,1 = 8}, Q2 = {t12 = 5,122 = 9}. For simplic-

edly chooses an item based on these requests, broadcasts it!g(’/é?t b =1 At t'met = 10, the server n_eeds_ to deC|.de which

the satellite link, and removes the associated requests form!{fE 0 broadcast f{g{{ilfgthe LTSF algorithm is used:

queue. Clients continuously monitor the broadcast channel af- 5t7¢tch(1) = oty ?04—2—9

ter they make a request. We do not consider the effects of traps- S17¢fch(2) = 5= + 55= =5 .

mission errors, and hence, when an item is broadcasted, i fa resu_lt, the second item is broadcasted _flrst, and then the

received by all clients that are waiting for it. irst item is broadcasted at = 12 (broadcasting the second
item needs 2 time units). Then, the overall stretch is:

B. Performance Metrics 5+ % =10

The popular performance measure is the response time (I)-#owever, if the first item is broadcasted first, and then the sec-
pop pe ) P .on% item is broadcasted &= 11. Then, the overall stretch is:
request, i.e., the time between sending a request and receiving 34 2= | 1142-9 _ g

the reply by a c_Ilent. In hetgrogeneous ;ett_m_gs, response t'ﬁ%s, the LTSF algori2thm cannot minimize the overall stretch.
alone is not a fair measure given that the individual requests sig-

nificantly differ from one another in their service time. In thi8. The Stretch Optimal Scheduling Algorithm

paper, we adopt an alternate performance measure, namely tiBefore presenting our stretch optimal scheduling algorithm,
stretch of a request, defined to the ratio of the response timewe first introduce a broadcast scheduling function for ilem

of a request to its service timdlote that the service time is the

time to complete the request if it were the only job in the sys- S(i) = Z 1 )
tem. The rationale for this choice is based on our intuition; i.e., 2

S
keQ; !

clients with larger jobs should be expected to be in the syste ) . . :

longer than those with smaller requests. The drawback of m_irr1T-lrheorern 1: The scheduling algorithm, which selects the

imizing response time for heterogeneous workloads is tha{tﬁim V\t’;;[h rr\lla>r<|r|r|1u?rSEz)h(Equatlon 2) to broadcast, can min-
tends to improve system performance for large jobs (since t € the overat Stretch.

contribute the most to the response time). Minimizing stretcth, of. VtVe g(ljv? thte sk_etcz _ofﬂt]he pLO?jf' l_BaseId othqur;]mo?dl,
on the other hand, is more fair for all job sizes. or any two data itémsana,, the scheduling aigorithm shou

determine to broadcast which one first. If the server broadcasts
We use the average stretch to measure the overall system

[=. . e
formance. Since it is important to ensure that the scheduliﬁ%mZ first, the overall Stretch is:

algorithm does not induce starvation of requests for unpopuy,.croh. | — Z b+ 5 —thi n Z t+ 5+ % —thi
. . . . 7,4)‘] - N .

lar items, we also measure the worst-case wait time, which is

the maximum amount of time that a client request waits in the

service queue before being served. To make a scheduling desimilarly, if item j is broadcasted first, the overall Stretch is:

cision, there is aecision overheadwWhen the database size is bt b4ty s g

very large, the decision overhead may be significant. As a r8tretch;,; = » "B kI 3 BB ki

il
N

55
kEQ; B

w

keQ;

Si

sult, some broadcast bandwidth may be wasted since the server keQ; B kEeQ; B



2. Scanthe request queue of each data item to find the d%ta item

We should minimize the overall stretch. Let with maximums (i), and set = i. If multiple entries have the
Stretch;_,; — Stretchj_,; = Si _ 5 sameS(i), use their request arrival time to break the tie.
kea; 9 keq: S 3. Broadcast iter.
Even with the tie breaking rules, it is possible that multi-
To minimize the overall stretch, ifStretch;,; — Pple candidates have passed their scheduling deadline, and they

Stretch;_,; < 0, itemi should be broadcasted first; otherwisdjave the samé value. In this case, the server just randomly

item j should be broadcasted first. Thus, in order to broadc@étks one. To implement the algorithm, a priority queue can be

item i first, used to track the deadline, and a heap can be used to track the
function of S(7). Hence, the scheduling overheadlflog V),

i sj  whereN is number of nodes in the heap. Compared to the
Stretch;_,; — Stretch;_; <0 <= - < ~L - : .
reehiog reveti- kezc; 5j kgv s;  decision overhead of LTSF, whichd$(V), our scheduling al-
! 1 ' 1 gorithm can significantly reduce the decision overhead.
ch; g < ch; s2 IV. PERFORMANCEEVALUATION
€Q; €Q; !

A. Simulation Model

In our simulation model, Each client is simulated by a pro-
To minimize the overall stretch, itemis broadcasted whencess which generates a stream of queries. Clients send requests
ZkeQ- siz has the maximum value. O to the server whenever the query is generated. The aggregated

‘ stream of requests, generated by the clients, follows a Poisson

An example: Suppose a database has three data items such fygtess with meai. The density function for the inter-arrival
s1 = 1, s = 2, andsz = 3. Assume that the request queuegmnes of accessing iteris:

of these items arel); = {t1,1 = 8}, Q2 = {t12 = 9,122 =
9,t372 = 9’t472 = 9,t572 = 9}, Q3 = {t173 = 2,t273 = f(t) :)\ief)\it
9}. Attimet¢ = 10, the server needs to decide which item where); = p; = \, p; denotes the probability of clients re-

?(Qb)rofdf az;grgzé)lf_-rge%imd;ts;?glgévcefs’ﬁi'ﬁ%)eisl’z 1questing for data item. The access pattern followSipf dis-
=3, =2, PO - .
3, which has an average stretch of 1.81. The scheduling O?tﬁbrutlon (similar assumptions are made by other researchers as

of other algorithms and their average stretch costs are liste el [2], [5], [8]). In the Zip distribution, the access probabil-

in th . .
Table |. ity of thei*"” data item is represented as follows.

TABLE | P=—————
AN EXAMPLE t Ei:l 0
here0 < 0 < 1, n is the database size. Whén= 1,
the strict Zipf distribution. Whe = 0, it becomes the

Scheduling algorithm  Broadcasting Order Average Strcﬁtcf\g

SSTF 1-2-3 1.875 uniform distribution. The data item size randomly distributed
1-3-2 2.62 betweens,,;, ands,,... Most of the system parameters and
Our 2-1-3 1.81 their default values are listed in Table II.
FCFS 3-1-2 2.94 DEFAULT SYSTEM PARAMETERS
LWT, RxW, LTSF 3-2-1 2.88
Database items 2000 items
The algorithm: Based on Equation 2, the overall stretch can | Number of clients 200
be optimized. However, due to the removal of the time param- | Broadcast bandwidthi) 115Kbps

eter in Equation 2, some cold data items may never be served, | The minimum data item size5(,;,) | 1KB
and the algorithm may suffer from the starvation problem. To | The data item size rati@ = === | 100
address this problem, we add a scheduling deadline rule. When | Mean query generate rate

the first request for a data iteirarrives, a scheduling deadline Zipf distribution parametef 0.6
is assigned to this pending request. When the deadline passes,

the data item has the highest priority to be broadcasted. The

stretch optimal algorithm is as follows. B. The Effects of the Access Pattern

1. Scan the request queue of each data item to check if anfigure 1 shows the average stretch as a function of the access
request has reached the scheduling deadline. If the requesskaw coefficienf. As can be seen, our algorithm has the lowest
itemi has reached the scheduling deadlineylet ; and go to average stretch. Since LTSF also considers stretch when mak-
Step 3 directly. If multiple entries have passed their schedulimy scheduling decisions, it has similar performance to ours.
deadline, use thei$ (i) to break the tie. Since FCFS, LWT, MRF, an® x W do not consider stretch in
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Fig. 1. The average stretch under different access patterns (random distribution)

broadcast scheduling, their average stretches are much higlieients) increases, the average stretch also increases. From
than our algorithm and the LTSF algorithm. Note that SSTthRe figure, we can see that our algorithm outperforms other
has similar average stretch to our algorithm, since it broadcastheduling algorithms in various scenarios.

data in the order of data service time, which reflects the essence

of the stretch-based algorithms. D. The Scheduling Overhead

Generally speaking, in order to reduce the average stretch,.. . i
the server should try to schedule data items with small dathF'gure 4 shows the scheduling overhead of the LTSF algo

size and high popularity. Wheft — 0, the access pattern Isrlﬁlm and our algorithm. In LTSE, the server ha; to recalcula?e
: 2 ] L the total stretch for every data item with pending requests in
uniformly distributed, and then data items have similar popu- . . .
der to decide which data item to broadcast next, and hence

larity. As a result, the data size is the major factor. Since FC ; : o
LWT, MRF, andR x W do not consider the data size, the%é scheduling algorithm becomes a bottleneck due to its high

: omputation overhead. By using heaps, the computation com-
have much worse performance compared to our algorithm. Exity of our alaorithm can be reduced @log N). Results
SSTF, however, considers the data size as major factor when Y g o S MO8 V). RES

: . g . L ram Figure 4 also verifies that our algorithm can significantly
making schgdulmg decisions, and it has similar average strertg uce the computation overhead compared to the LTSF algo-
to our algorithm wher = 0. Whent = 1, the access pattern . Moreover, in the LTSF algorithm, the computation over-

is much more skewed, and the data popularity becomes a MASAd increases linearly when the database size or the number of
performance factor. Since FCFS, LWT, MRF, alick W con- y

sider the data popularity when making scheduling decisiorc]:gents increases, whereas the computation overhead in our al-

the . . gdrithm increases much slower, and then our algorithm is more
performance difference between these algorithms and OUl - ble compared to the LTSF algorithm
algorithm becomes much smaller &és= 1. The SSTF algo- '
rithm, however, does not consider the popularity when mak-
ing scheduling decisions, and then its average stretch becomes
much worse than our algorithm whén= 1. This paper has focused on the challenges of large-scale on-
The right graph of Figure 1 also shows the performandemand data broadcasts introduced by broadcast media such
of our algorithm with different deadlines. It is easy to seas satellite networks, cable networks, and cellular networks.
that the average stretch reduces as the scheduling deadlinénirsuch an environment, the scheduling problem is different
creases. As expected, the worst-case waiting time decredsm® the point-to-point communication environment and the
as the scheduling deadline increases (as shown in Figurep2lsh-based broadcast environment. Moreover, when variable-
As shown in Figure 2, our algorithm has a comparative worstized heterogeneous requests are considered, most of the pre-
case waiting time even without scheduling deadline. When thieus scheduling algorithm fail to perform well. As stretch is
scheduling deadline is 2000, it has the best worst-case waitimiglely adopted as a performance metric for variable-size data
time compared to other scheduling algorithms. requests, we proposed a broadcast scheduling algorithm to op-
timize the system performance in terms of stretch. The nice
C. The Effects of the System Work Load thing of the proposed algorithm is that it is extremely simple
Figure 3 shows the average stretch as a function of thed the computation overhead is very low. Analytical results
mean query generate rate, the database size, and the numiéstribed the intrinsic behavior of the algorithm. Simulation re-
of clients. Three figures have similar trends; that is, as the wasldts demonstrated that our algorithm significantly outperforms
load (in terms of query generate rate, database size, or nunmdsting scheduling algorithms under various scenarios.

V. CONCLUSIONS
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Fig. 2. The worst waiting time under different access patterns
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