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Modern information dissemination services can dynamically produce real-time data 

that is valid and useful depending on users’ on-demand data requests. Information serv-

ers must adopt a scheduling approach to maintain timely data access and system perfor-

mance. Most previous studies on scheduling such data discuss on-demand data broad-

casting and real-time task processing with various performance metrics. This paper ex-

ploits the attributes of request urgency, service productivity, and access fairness, and 

proposes an adaptive scheduling scheme for delivering on-demand, time-critical data 

objects over a data broadcast channel. In terms of request satisfaction and mean access 

time, performance results show that the proposed scheduling approach is amenable under 

dynamic on-demand time-critical requests, simultaneously achieving a low mean access 

time and request deadline miss rate. 
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1. INTRODUCTION 
 

The advance of information dissemination services is currently encountering asym-

metric communication in terms of bandwidth utilization and information flow. Wireless 

and mobile networks, such as 3G, HSDPA, and satellite networks, have bandwidth 

asymmetry because their downlink data speeds are much faster than their uplink speeds 

[1]. In Internet and Web surfing applications [2][3], downstream flows convey large 

hypertext and multimedia files, while upstream data flows consist primarily of small 

content requests. This communication asymmetry affects conventional client-server 

transmissions due to non-scalability and performance degradation. The issue of energy 

saving is also significant when users operate portable information devices or mobile 

clients, which have limited battery capacity [4][5][6]. In this case, accessing data via a 

bandwidth-limited data channel takes longer and consumes more energy.  
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The data broadcasting methodology can exploit the potential of asymmetric com-

munication capacity on the air [7][8]. Data broadcasting can efficiently utilize shared 

transmission bandwidth to improve system throughput [9]. Unlike the unicast approach, 

in which the server sends the same data object to multiple clients individually, the 

broadcast approach can satisfy all outstanding requests for the same data object with only 

a single transmission.  

Many information dissemination applications in broadcast environments possess a 

real-time nature. These applications continually produce data that is valid or useful if it 

meets users’ timely access requirements. Traffic and weather reports, stock quotes, and 

location-based news are typical examples of these applications. Live traffic or weather 

news is particularly helpful in helping individuals respond to unanticipated events. Users 

can also subscribe to up-to-the-second stock quotes and react instantly to market pricing. 

For a location-based query, the information returned is valid only within the querist’s 

local area. Service level agreements between a content provider and users often specify 

performance criteria, e.g., response time for Web content access. Therefore, these appli-

cations must perform data transactions within specific time constraints. This sort of data 

transaction is a time-constrained data transaction (or request). Each transaction is asso-

ciated with a deadline beyond which it is aborted or dropped [10][11][12][13][14][15].  

The principle of scheduling on-demand, time-critical data objects over a broadcast 

channel includes several phases: (1) clients can send on-demand data requests at any time; 

(2) the server schedules broadcast objects on the fly based on current outstanding re-

quests; (3) the server guarantees that clients can receive data objects of interest from the 

broadcast channel before the request deadline. A literature survey reveals that many stu-

dies on scheduling on-demand, time-critical data objects pertain to on-demand data 

broadcasting [16][17][18][19] and real-time task processing [11][12][13][15][20] re-

search categories. The former considers the similarity and productivity of on-demand 

requests to minimize the mean access time on the broadcast channel. The latter schedules 

time-constrained requests based on urgency to manage the deadline miss rate, or request 

drop rate. Only a few studies consider on-demand and time constraints factors. Recent 

studies [13][14] propose time-critical scheduling approaches based on request urgency 

and productivity to minimize the deadline miss rate. Another study [10] develops a 

time-constrained multi-channel schedule algorithm to reduce the delay time of accessing 
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broadcast data. 

Note that the mean access time (MAT) and deadline miss rate (DMR) represent dif-

ferent performance measures at the client and the server sides. The DMR is a primary 

measure of scheduling time-critical requests and tasks at the server side because missing 

a task’s deadline brings the risk of system failure. On the other hand, data broadcasting 

forces clients to wait for retrieving data objects on a broadcast channel, and commonly 

uses the MAT to evaluate the broadcast schedule. However, previous studies are not re-

levant when both performance measures are involved. This situation is the motivation for 

the proposed data broadcast scheduling approach, which is able to process data objects 

based on both on-demand and time-critical conditions. 

This paper proposes an adaptive scheduling scheme for broadcasting on-demand 

and time-critical data objects in dynamic network environments. This scheduling design 

involves several factors, including request urgency, service productivity, and access 

fairness. Its scheduling logistics are simple and adjustable by tuning the weightings of 

these factors based on traffic dynamics. The server aggregates on-demand and 

time-critical requests, prioritizes outstanding requests, and delivers the most profitable 

data objects on the broadcast channel, thus achieving a synergistic effect. This study uses 

the DMR and MAT to investigate the performance of the proposed approach. Experi-

mental results show that this approach is functional under dynamic request workload and 

access pattern, and simultaneously reduces the DMR and MAT. Relative performance 

analysis further shows that this approach is comparable to many classic scheduling ap-

proaches dedicated to either on-demand data broadcasting or real-time task processing.  

The rest of this article is organized as follows. Section 2 reviews related studies on 

scheduling on-demand or real-time data/tasks, and describes the problem. Section 3 de-

scribes the system model and notations. Section 4 presents the adaptive scheduling 

scheme. Section 5 presents the performance results. Section 6 concludes the article. 

2. PRELIMINARY 

Researchers have studies the scheduling of on-demand and time-constrained re-

quests and tasks in two parallel dimensions: data broadcasting for in asymmetric com-

munication environments and task processing in real-time computing systems. The words 
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request and task appear interchangeably without ambiguity in the rest of this study. 

The data broadcasting methodology involves three ramifications: push-based, 

pull-based (a.k.a. on-demand), and hybrid data broadcast models [7][8][9]. In the 

push-based paradigm, the server adopts a push broadcast program and periodically push-

es data objects in a round-robin manner on the shared broadcast medium in which clients 

can access desired objects without explicit requests [21]. However, the push-based model 

may induce unacceptable access time for a large number of push objects. The on-demand 

model allows clients to notify the server of on-demand requests through an uplink chan-

nel in advance and later retrieve data objects of interest on a shared broadcast channel. 

The server pushes data objects according to access similarity of outstanding requests or 

other scheduling criteria [9]. This model inherits the notions of transaction database and 

broadcast disks [7][22] and strikes a tradeoff between increasing request aggregation and 

reducing the MAT at the risk of system overload [16][23]. In the hybrid model, the server 

can perform hot/cold data classification and push/pull bandwidth partition. The server 

periodically pushes hot items on push slots and delivers cold items on pull slots in a re-

quest–response way. This hybrid model leverages the benefits of the push- and 

pull-based models to achieve an acceptable access time. 

The following section reviews previous studies on on-demand data broadcasting. 

Aksoy and Franklin [16] presented an RxW algorithm that combines the benefits of the 

First-Come-First-Served (FCFS) and Most-Request-First (MRF) methods. Their algo-

rithm achieves low-overhead performance and a low MAT in large-scale on-demand data 

broadcast systems. Edmonds and Pruhs [24] proposed two constant approximation me-

thods to minimize user-perceived latency as scheduling non-uniform-length data in a 

broadcast communication. Huang and Peng [19] designed an on-demand data broadcast 

scheme with indexing to reduce energy consumption. Jiang and Vaidya [25] exploited 

user impatience to develop a push-based broadcast scheduling technique with time con-

straints. Hu and Chen [18] investigated impatient-based on-demand requests to devise a 

dynamic traffic-aware scheduling algorithm. Hu and Chen [26] formulated the problem 

of scheduling sequential data objects for on-demand complex queries and derived the 

lower and upper bounds for approximating schedule optimization. Pitoura and Chrysan-

this [27] proposed several techniques for organizing multiple versions of data objects to 

increase the transaction concurrency in the presence of updates on the broadcast channel. 
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Fernandez and Ramamritham [17] presented an adaptive hybrid data delivery in 

time-critical asymmetric communication environments. Vlajic et al. [28] applied hybrid 

data broadcasting to tackle the user retrial phenomenon in wireless networks. Liu and 

Lee [29] conducted a simulation study on scheduling requests for multiple data objects in 

on-demand broadcast environments. Nevertheless, none of these methods considers 

on-demand requests with time constraints when making scheduling decisions. 

Real-time task scheduling with repetitive requests aims to maintain urgency and 

avoid system failure in real-time computing systems [30]. A well-known approach is to 

use the periodic task model [31]: each task has a period and an execution time, and must 

be executed once in each period. The execution of a task in any one period is scheduled 

independently of the execution of the same task in other periods. For periodic task sys-

tems, the Earliest-Deadline-First (EDF) scheduling algorithm is optimal for the fixed 

priority-driven preemptive scheme [32]. The EDF achieves the minimal deadline miss 

rate in light-load systems, but may miss a largely unpredictable set of tasks when the 

system is overloaded. The Least Slack Time (LST) scheduling algorithm is useful in ape-

riodic task systems because it makes no assumption about the task's occurrence rate. The 

LST works only on the current system state, and is sub-optimal when system resources 

are overloaded by uninterrupted processes. The EDF and LSF algorithms are effective in 

reducing the deadline miss rate in periodic and aperiodic task systems, respectively [33]. 

The following discussion reviews previous studies. Buttazzo et al. [20] studied a va-

lued-deadline task scheduling algorithm to maximize the number of tasks that meet their 

deadlines. Xuan et al. [15] evaluated alternative system designs for scheduling 

time-constrained data, but overlooked the possibility of aggregating on-demand requests. 

Leung et al. [34] examined some performance problems in multi-version data broadcast-

ing [27] used for time-constrained mobile computing systems, and proposed a prioritized 

on-demand broadcast scheme to reduce the probability of missing deadlines. 

Relatively, few studies consider both on-demand and time constraints factors. Lee et 

al. [13] devised a preemptive scheduling algorithm capable of broadcasting nonuni-

form-length on-demand data objects and lowering computation overhead during pyramid 

preemption. Xu et al. [14] presented a SIN-k broadcast scheduling algorithm, abbreviated 

from "slack time inverse number of outstanding requests (SIN)." Their method combines 

the EDF and MRF algorithms by considering request urgency and service productivity 
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for data broadcasting, effectively reducing the deadline miss rate. Chung et al. [10] de-

veloped a time-constrained multi-channel schedule algorithm to reduce the delay time of 

accessing time-constraint, uniform-size broadcast data. Their recent study [35] releases 

the restrictions of expected time and uniform data size in [10], and presents an alternative 

approach to maximizing access quality (a ratio of the expected time of a data object to 

the waiting time). Chen et al. [36] examined the request starvation problem that sin-

gle-object-based scheduling algorithms may encounter when scheduling real-time mul-

ti-object broadcast data. They presented a hybrid object-level scheduling algorithm that 

derives data objects from multiple attributes of their parent requests and assigns each one 

a dynamic priority. This approach considers the serving statuses of outstanding requests, 

and integrates the urgency and productivity factors in scheduling to reduce the deadline 

miss ratio. Dewri et al. [45] defined a new “utility of data” criterion and develops a heu-

ristic method that can dynamically organize the broadcast queue to maximize the overall 

utility of all pending requests. 

Table 1 lists prior studies on four data dissemination models (on-demand, 

time-critical, push-based and time-critical, and on-demand and time-critical models) in 

terms of three design attributes (urgency, productivity, and fairness) and two perfor-

mance metrics (the DMR and MAT). Definitions 2-6 in Section 3.3 formally define these 

design attributes and metrics. Previous studies do not consider all three attributes, and 

instead dedicate their efforts to either the DMR or MAT. As addressed in this article, 

on-demand time-critical data broadcast enforces time constraint on maintaining data va-

lidity and transaction correctness, and thus differs from the traditional data broadcast 

model. The scheduling and performance goals of the proposed approach differ from 

those of real-time task processing. 

Table 1. Comparison among several data dissemination models. 

Modela Prior works 
Design Factorsb  Metrics 

B U P F  DMR MAT
Push-based, Time-critical [10][18][25][27] v v v v  x v 
On-demand [16][19] v x v v  x v 
Time-critical [20][30], EDF, LSF x v x x  v x 
On-demand, Time-critical [13][14][15][17][28][34] v v v x  v x 
Our work  v v v v  v v 

Note: a Scheduling with simple requests; each request for a single item of uniform size. 

     b Broadcast (B), Urgency (U), Productivity (P), and Fairness (F) 
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3. SYSTEM MODEL 

This section models an on-demand time-critical data broadcast environment and 

specifies terminologies and the DMR and MAT performance metrics. 

 
3.1 System Environment 

 
Figure 1 depicts an on-demand time-critical data broadcast environment that in-

cludes a data server and a large client population. The data transmission capacity com-

prises two uplink and downlink channels which can be physically independent or inter-

leaved as virtually different channels. Clients can send on-demand time-critical requests 

to the data server in advance through an uplink channel and then monitor the downward 

broadcast channel for the requested data objects. Each request has a deadline, which 

represents the maximal duration the client will tolerate. This deadline should conform to 

the quality of service (QoS) specified by the data service. For simplicity, requests for the 

same service and its data objects have the same toleration duration. Thus, the server must 

broadcast the indicated data under specific temporal restrictions. 

Upon receiving a request, the server inserts it into a service queue. An outstanding 

request in queue is active if its deadline has not expired. Active requests remain in the 

queue until their deadlines pass or until they are serviced, whichever happens first. In the 

first case, the server drops expired requests; in the second case, the server removes active 

requests for the same object from the service queue after broadcasting their requested 

objects. The broadcast scheduler adopts a special scheduling algorithm to iteratively 

identify the most profitable data object from active requests, and sends out that object at 

each broadcast tick. The scheduler measures “profitability” according to a specific func-

tion. On the other hand, after sending a request, the client monitors the broadcast channel 

until it receives the requested object in time or its deadline expires. 
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. . .

 

Fig. 1. System environment. 

 
This study adopts several of the assumptions made in previous studies 

[10][14][15][16][19][22][37] to ease the scheme design and performance evaluation. First, 

all broadcast data objects are locally available, or can be fetched promptly from the data 

server. Thus, the database access and scheduling overhead are negligible. Second, each 

data object has a uniform size and takes the same service time to deliver. Thus, no 

preemption is required. Third, each request is a simple query for accessing a single object. 

Scheduling multiple/dependent objects for complex queries [26][36][38][39][40] and 

scheduling nonuniform-size broadcast data [13][35][41][42] are other research areas that 

are orthogonal to this study.  

 
3.2 Problem Description 
 

Scheduling on-demand, time-critical broadcast data based on EDF-, LSF- or 

MRF-based scheduling strategies may induce a longer access time and unfair delivery 

service. In reference to Definitions 2-6, Fig. 2 provides three exemplary cases to address 

these problems. Let the server provide two data objects A and B that take the same 

broadcast time of one time unit. With a number of outstanding requests in the service 

queue, each request ri for A or B has a constant toleration duration of 9 or 7 time units 

(with respect to the transmission end time in response) before its serving deadline. 

 Case 1 examines urgency. Let objects A and B have the same number of outstand-

ing requests at time t. Using the EDF or LSF scheduling method, the server broad-

casts B earlier than A. However, broadcasting B first may result in a longer MAT 

than broadcasting A first, if no outstanding requests for A or B will be dropped. 

Given a numerical example of sending B first at time t, B’s MAT is 

(1/4)(1+2+3+6)=3, and A’s MAT is (1/2)[(1/4)(5+6+7+8)+(1/4)(6+7+8+9)]=7 
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when A is broadcast at either t+1 or t+2. The resulting MAT is (4/8)(3+7)=5. In the 

reverse case of broadcasting A at time t and B at time t+1, A’s MAT is 5.5 and B’s 

MAT is 4. The resulting MAT then decreases to 4.75. 

 Case 2 examines productivity. Let the first outstanding request for object A have the 

same deadline as the first request for object B at time t+2. Using the MRF schedul-

ing method, the server sends B first at time t and then sends A at time t+1. This re-

sults in a MAT of 5.57=(3/7)[(1/3)(7+8+9)]+(4/7)[(1/4)(2+3+4+6)], which is 

smaller than 5.71=(3/7)[(1/3)(6+7+8)]+(4/7)[(1/4)(3+4+5+7)] in the reverse case of 

sending A at t and B at t+1. 

This outcome is intuitive because delaying the object with more outstanding re-

quests will increase the MAT. However, this case may induce a subtle issue of ser-

vice starvation in that outstanding requests for cold objects may be dropped because 

their requests are fewer than those for hot objects. Though the MRF can maintain 

productivity and the MAT, the scheduling result could be unfair to client requests 

for cold objects. 

 Case 3 examines fairness. Consider a brick-and-mortar situation that combines 

Cases 1 and 2. In this case, neither urgency nor productivity is the decisive element 

for determining the broadcast order between objects A and B. The additional use of 

fairness resolves this situation and mitigates service starvation. To choose A or B to 

broadcast at time t, the server first calculates the mean access times of A’s and B’ 

outstanding requests and then normalizes the values by their respective toleration 

durations. Thus, A’s normalized mean access time is (1/9)[(1/4)(8+7+6+5)]=0.72, 

which is longer than B’s 0.43=(1/7)[(1/4)(6+3+2+1)]. As a result, the server broad-

casts A first to maintain fairness and prevent A’s outstanding requests from service 

starvation. 

The discussion above points out the “deficiencies” of scheduling on-demand 

time-critical broadcast data based on only request urgency or productivity. A practical 

scheduling approach should support access fairness in addition to urgency and productiv-

ity. 
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Fig. 2. Case studies on urgency, productivity, and fairness. 

 
3.3 Notation and Formulation 
 

Let a periodic broadcast schedule P run over an infinite time horizon. Definition 1 

accounts for an infinite P that outputs a sequence of data objects P={d₁, d₂,.., dt,..., 

dL, …}, where t indicates the offset in Pi and dt is the identifier of the broadcast object. 

Assume that a slotted time model is employed: it takes one time slot to broadcast one 

data unit. Thus, the length of a broadcast cycle L is equal to the number of time slots used 

to deliver data objects. 

 
Definition 1 (Infinite Schedule Program) P in the time horizon is an orderly union of 

flat broadcast programs, 
 1i iPP , where Pi is a sequence of L data objects in the i-th 

time interval. 

 
In reference to Fig. 3, ri denotes an outstanding request in the service queue. This 

request is recorded in a form of a five-field tuple, as ri=<dt, li, ai, ei, ci>, where i means 

the relative order among outstanding requests in the queue for the same data object dt, li 

is a toleration duration that is a relative deadline with respect to the transmission end time 

in response, ai is the request arrival time, ei is the absolute request expiration time, and ci 

is a number of data units. The term ei is given by ei= ai + li, beyond which this request is 
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aborted. With the assumptions addressed in Section 3.1, a broadcast transmission of a 

data object takes a constant time. Thus, ci equals one here for simplicity.  

 

  

Fig. 3. Notation of an outstanding request in a tuple format. 

 
Let A(t)={r₁, r₂,..., ri,…, 

tnr } denote a set of outstanding requests for dt, where i is 

the position of a request ri in chronological order and nt=|A(t)| is the number of requests 

in an A(t). The server then iteratively decides a broadcast object at time t, denoted as 

P(t)=dt, and then has two sets of satisfied and dropped requests for P(t), denoted as S(t) 

and D(t). The terms |S(t)| and |D(t)| denote the numbers of requests in S(t) and D(t). Dur-

ing each broadcast cycle, the server calculates the values of the DMR and MAT as serv-

er-side and client-side performance metrics, respectively, for the on-demand time-critical 

broadcast schedule. 

Definitions 2, 3, and 4 formally express the terminologies of urgency, productivity, 

and fairness referred to in this article. 

 
Definition 2 (Urgency) Given that two data objects dx and dy have the same number of 

outstanding requests |A(x)|=|A(y)| at time t, the data object with a closer deadline, that is 

ex
1 – t versus ey

1 – t, should be broadcast first to reduce the DMR. 

 
Definition 3 (Productivity) Given that two data objects dx and dy have the same deadline, 

that is ex
1 = ey

1, at time t, the data object with a larger |A(t)| should be broadcast first to 

increase service satisfactory rate. 

 
Definition 4 (Fairness) Given two data objects dx and dy with |A(x)|=|A(y)| and ex

1 = ey
1 at 

time t, the data object with a larger mean access time xw  calculated by Eq. (3) should 

be broadcast first to avoid service starvation. 
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Definitions 5 and 6 formulate the measures of the DMR and MAT. Specifically, af-

ter L broadcast slots, the server can get the DMR, measured by the ratio of the number of 

missing requests to the total number of requests. 

 
Definition 5 (Deadline Miss Rate) Given a definite broadcast program Pi with a length 

L, the measure of DMR is expressed as 

.1,)()( 11 LtfortAtDDMR L
t

L
t                             (1) 

 
The MAT is measured by the time interval that has elapsed from the moment at 

which a client requests a data object until it has completely downloaded the object on the 

broadcast channel. With each broadcast object P(t), clients with outstanding requests in 

S(t) have different access times because their requests arrived at different times. Let wi 

denote the access time of request ri, and so wi= iat  . The mean access time for P(t) is 

 
tn

i it tSww 1 )( . After L broadcast slots, the server calculates the MAT. 

 
Definition 6 (Mean Access Time) Given a broadcast program Pi with a length L, the 

mean access time is measured by 

.1,)()( 11 LtfortStSwMAT L
t

L
t t                           (2) 

 
With the measures of DMR and MAT, there is an interesting derivative of 
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where  
L
t tSN 1 )(  is countable during a broadcast cycle. Suppose that there exists 

an optimal P with the minimal MAT and DMR. The optimum would be attained if and 

only if the value of  
L
t t tSw1 )(  is maximal, subject to Properties 1 and 2. However, a 

static optimal schedule is not possible since requests are sent on-demand and the overall 

request workload is unknown. Instead, the server adopts heuristics to approach the op-

timal broadcast schedule in a greedy manner. In this case, the server must broadcast the 

highest profitable data object at each broadcast tick t. This finding makes it possible to 

develop an on-line deterministic strategy for scheduling on-demand workload. 
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Property 1 For any broadcast object P(t), the values of tw  and )(tS  are 

non-decreasing with time elapsing, and so is )(tSwt  . 

 
Property 2 For any two distinct broadcast objects P(i) and P(j) in P, the requests for P(i) 

and P(j) are mutually independent. 

4. SCHEME DESIGN 

This section proposes an adaptive scheme for on-line scheduling on-demand 

time-critical data broadcast. Section 4.1 describes a gain measurement for prioritizing 

broadcast order among data objects. Section 4.2 develops a procedure for broadcasting 

program generation. 

 
4.1 Gain Measurement 
 

The proposed scheme considers traffic dynamics in a data broadcasting environment. 

The scheduling server arranges and manages a dynamic broadcast program P. The server 

can prioritize the broadcast order of data objects and deliver the most profitable object at 

each broadcast instance, minimizing the DMR and MAT. This scheme utilizes a gain 

measurement function G to determine the gain G(dx) of broadcasting each data object dx 

at each broadcast instance.  

 
4.1.1 Factor Quantization 
 

According to Definitions 2, 3 and 4, the function G includes the three measures of 

request urgency, productivity, and fairness. To simplify the quantitative analysis, assume 

that requests for the same service and its data objects have the same toleration duration 

according to the specific QoS agreement. Given that a data object dx has nx outstanding 

requests in service queue Q, calculating G(dx) accounts for the slack time of the first out-

standing request, the request aggregation for dx, and the mean access time of all nx out-

standing requests in the service queue. This computation does not involve all data objects 

in the database. Only those data objects that have one or more outstanding requests in Q 

are a candidate object set C. 
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Keep each outstanding request in Q in chronological order. For each candidate dx in 

C, the server has the request aggregation nx. Its slack duration, denoted as s1
x, is given by 

tce  11 , which is the residual time close to the deadline of the first outstanding request 

for dx. If dx is delivered at a broadcast tick t, the server can calculate its mean access time, 

denoted as xw , as 

,,
1

1 xi
n

i i
x

x latat
n

w x                                         (3) 

for each outstanding request ri in Q that asks for dx. 

 
4.1.2 Normalized Gain Measure Function 

 

Given with nx, s
1

x, and xw  for each dx in the candidate object C, the server further 

normalizes these measures of the function G as the following equation: 

,
1

)(
1

max































x

x

x

x
x l

w

sn

n
dG  (4) 

where nmax is the maximum nx for dxC, nmax  nx  1, s1
x  1, and lx ≥ xw ≥ 1. The val-

ues of α, β and γ are tunable in the range of [1,0] to upscale or downscale their influ-

ences. 

Notice that the three terms max/ nnx , 1/1 xs  and xx lw /  are normalized and their 

values are bounded in the range of (0,1]. Thus, all the values of exponentiations 

)/( maxnnx , )/1( 1
xs  and )/( xx lw  have the value range of (0, 1]. A value close to 1 

represents a higher factor degree. For example, a larger max/ nnx  or 1/1 xs  represents a 

higher degree of productivity or urgency. A xx lw /  close to 1 implies a higher degree of 

starvation when most outstanding requests <r1, r2, …, 
xnr > in Q for the same dx have 

waited for a longer time relative to their deadlines lx. This is because these requests 

closely follow the first outstanding request r1.  

With these three normalized bases, the proposed design adjusts the values of expo-

nent α, β, and γ in the range of [0, 1]. The results of these exponentiations remain in (0, 

1], serving as an appropriate yardstick and comparative baseline for urgency, productivi-

ty, and fairness. The smaller the value of α, β, or γ is, the larger its exponentiation is. The 
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influence of urgency, productivity, and fairness increases as the value of exponents α, β, 

and γ decrease. To compare with other schemes, the measure function G can perform like 

the EDF by setting α=γ=0 to focus on urgency, or perform like the MRF by focusing on 

productivity as β=γ=0. 

 
4.2 Broadcast Program Generation 
 

This subsection develops an adaptive scheduling scheme for delivering on-demand 

time-critical data over a data broadcast channel. The following describes several design 

steps and functional procedures. To facilitate reader’s comprehension, the Urgency, 

Productivity, and Fairness (UPF) algorithm presents the pseudo-code of the overall pro-

cedure for generating a broadcast program P. 

The server iteratively runs a five-step UPF procedure at each broadcast tick in an in-

finite time horizon t to push out a data object. 

Step 1 (lines 10-21) initializes or updates the candidate object set C in response to 

present requests in the service queue Q. 

Step 2 (lines 22-33) generates a record set R of request tuples  xxxxxx nwsldr ,,,, 1  

for each object dx in C. 

Step 3 (lines 34-47) prioritizes the broadcast order among records in R using a specific 

gain measure function G. Equation (4) shows that the object of the maximal gain is 

broadcast first. After outputting a broadcast object P(t) at t, the server removes satisfied 

or expired requests from Q and reports the accumulative amounts of satisfactory, dated, 

and total requests. 

Step 4 (lines 48-50) calculates the current values of the DMR and MAT. 

Step 5 (lines 51-53) analyzes the changes in dynamic traffic based on received 

on-demand requests and provides feedback to tune the values of α, β and γ to adaptively 

minimize the outcomes of the DMR and MAT. Finally, this procedure proceeds to repeat 

Step 1. 
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Algorithm UPF: Adaptive Scheduling Scheme with Urgency, Productivity, and Fairness 

1:  Input: Q ≠ {}, P=C=R={}, G, α, β, γ 

2: 

3: 

Output: P, N, DN, SN, DMR, MAT       

Begin 

4:  while isTrue is true do 

5:          t ← t + slotTime; 

6:          if Q is empty then 

7:                  sleep( slotTime); 

8:                  continue; 

9:          end if 

10:  /* Step 1: Initialize the candidate item set C */ 

11:          if C does not exist or C is empty then 

12:                  C ← initiateCandidateSet(Q); 

13:                  if C is empty then 

14:                          break; 

15:                  end if 

16:          else                                       update C after the last broadcast tick 

17:                  Cdated ← checkDatedCandidateSet( t, C ); 

18:                  C ← C – Cdated; 

19:                  Cnew ← checkNewCandidateSet( t, Q ); 

20:                  C ← C  Cnew; 

21:          end if 

22:  /* Step 2: Generate the record set R from C */ 

23:          if R does not exist then 

24:                  R ← initiateCandidateSet( C ); 

25:          else                                                                                                             update R 

26:                  for all dx in C do 

27:                          s
1
x ← ex – cx – t;                                                                 laxity duration 

28:                          xw   ← calculateMeanAccessTime( dx ); 

29:                          nx ← countActiveRequestsInQ( dx ); 

30:                          rx ←  xxxxx nwsld ,,,, 1 ; 

31:                          R ← R  rx; 

32:                  end for 

33:          end if 

34:  /* Step 3: Prioritize the broadcast order at each tick */ 

35:          for all rx in R do 

36:                  G(rx) ← calculateGainMeasure( rx ); 

37:          end for 

38:          R ← sortRecordSet( R );                                                             in descending order 

39:          P(t) ← getFirstFromRecordSet( R ); 

40:          P ← P  P(t);               

41:          S(t) ← clearSatisfiedRequests( t, P(t), Q ); 

42:   clear requests in Q after broadcasting P(t) 

43:          D(t) ← clearDatedRequests( t, Q ); 

44:          C ← C – P(t);                         accumulate satisfactory, dropped and total requests 
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45:          DN ← DN + |D(t)|; 

46:          SN ← SN + |S(t)|; 

47:          N ← N + |D(t)| + |S(t)|; 

48:  /* Step 4: Calculate DMR and MAT till now */ 

49:          DMR ← DN / N; 

50:          MAT ←  NxN StSwtSSMAT /|))(||))(|((  ; 

51:  /* Step 5: Analyze request traffic and feedback control */ 

52:          Analyzing the changes of traffic workload and access pattern … 

53:          Determining whether to tune the values of α, β or γ … 

54:  end while 

55:  End 

56:  Output:  )(11 tPPP tii




   , DMR and MAT 

 

5. PERFORMANCE RESULTS 

This section examines the performance of the proposed UPF approach in two parts. 

The first part in Section 5.2 reports the effects of the UPF approach under various α, β 

and γ values. The second part in Sections 5.3-5.6 compares the UPF approach with the 

EDF, MRF, SIN-k [14], and RxW [16] approaches in terms of the DMR and MAT sensi-

tivities to database scale, request workload, access pattern, and toleration duration. 

 
5.1 Simulation Environment 
 

This section develops a simulator to model the system architecture depicted in Fig. 1, 

and measures its performance using the simulation parameters listed in Table 2. The 

broadcast database contains M distinct data objects. Each object has a toleration duration 

and a relative access popularity. The duration value is uniform as l, or mapped to a ran-

domly generated value from a discrete value space [1, 2l ]. The Zipf distribution [43][44] 

generates the relative access popularity with a skew coefficient θ. The Zipf distribution 

becomes gradually “skewed” as θ increases, and eventually becomes a uniform distribu-

tion as θ=0. The simulator uses a relative workload intensity λ, i.e., a ratio of request 

arrival rate by request serving rate, to indicate workload variance. Thus, the simulator 

generates λ≥1 requests on average at each broadcast tick during heavy request traffic. 

The lightweight case (λ<1) is omitted because the server can respond to a request imme-

diately in a unicast manner. 
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Table 2. Simulation parameter description. 

Symbol Meaning Value range 
M Amount of data objects in database [10, 100, 1000] 
λ Workload intensity, i.e., a multiple of service rate [1, 2, 4, 8] 
θ Skew coefficient in Zipf distribution [0~1, 2, 4] 
L Length of a broadcast cycle [100~1000] 
l Range of mean relative duration [0, 100] 

 

To compare the UPF algorithm with the EDF, MRF, SIN-k and RxW algorithms 

during scheduling broadcast programs, the simulator performs these algorithms in a sim-

ilar procedure (refer to Section 4.2) with respective gain measure subroutines (in place of 

line 36 in Step 3 of Algorithm UPF). 

 EDF: With α=γ=0 in Eq. (4), the object of the highest value of G(dx) is selected. 

 MRF: With β=γ=0 in Eq. (4), the object of the highest value of G(dx) is selected. 

 SIN-k: With k=1, the object of the lowest value of s1
x /(nx)

k is selected. As noted in 

[14], the value of k=1 or 2 yields the best overall performance. 

 RxW: The object of the highest value of 1
xx wn  , where 1

xw  means the longest 

waiting object for dx is selected. 

The simulator calculates the DMR and MAT from the beginning of the simulation. 

As in other studies [12][13][14][15], the DMR and MAT produced by the EDF and MRF 

are comparative baselines for the UPF, SIN-k and RxW with EDF and MRF. For brevity 

of performance description, DMRXYZ and MATXYZ denote the DMR and MAT by a par-

ticular scheduling approach, and the subscript "XYZ" represents UPF, EDF, MRF, SIN-k, 

or RxW. 

 
5.2 Performance Effect of Tuning Exponents α, β, and γ 
 

This study includes numerous simulations to inspect the respective effects by tuning 

exponents α, β, and γ to strengthen or weaken their effects on DMR and MAT perfor-

mance. All α, β, and γ are initialized by α=β=γ=1 to make a comparative baseline. The 

exponents α, β, and γ gradually decrease to 0, increasing the weights of exponentiations 

)/( maxnnx , )/1( 1
xs  and )/( xx lw . The following analysis shows how to adjust the 

values of α, β, and γ for the UPF approach to achieve lower DMR and MAT. 

Table 3 lists the experimental results of UPFα, UPFβ, UPFγ, SIN-k, RxW, EDF and 
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MRF at baseline settings of L=1000, M=100, λ=2, θ=1, and l=5, 25 and 50 (i.e., l/M = 

1/2, 1/4 and 1/20) for uniform and random durations. The SIN’s k value is set as 1 to get 

the best performance, as suggested in [14]. The exponent indicated by the subscript of 

UPFα|β|γ means it is controllable with its value in [0,1], while the other two exponents are 

set at 1. 

 
5.2.1 Exponent α 
 

The simulation scales down the value of α=1→0 to weight the relative importance 

of service productivity. As the UPFα rows in Table 3 show, increasing the influence of 

service productivity increases MATUPF, but has little effect on DMRUPF. Over emphasiz-

ing service productivity detains the broadcast of cold objects and prolongs their access 

time, likely inducing longer MATUPF and request starvation. This implies that α=[0.5,1] 

is enough to satisfy most requests before their deadlines, while DMRUPF, DMREDF and 

DMRSIN-1 remain similar. 

 
5.2.2 Exponent β 
 

Tuning β can attain prominent effects, as most cases in Table 3 show. DMRUPF is 

near or lower than DMREDF and DMRSIN, and much lower than DMRRxW and DMRMRF. 

MATUPF is lower than MATEDF and MATSIN, and slightly larger than MATRxW and 

MATMRF. This implies that UPF can outperform EDF and SIN in terms of DMR and 

MAT. Compared with RxW, UPF has lower DMR, and RxW has lower MAT. 

Note that MATUPF reduces and DMRUPF increases upon tuning the value of β=1→0 

to strengthen the importance of request urgency. In this case, DMRUPF is still lower than 

other schemes, and MATUPF goes close to MATRxW. The descent margin of MATUPF is 

much higher than the ascent margin of DMRUPF, leading to a profitable trade-off. For 

example, in the cases of MATUPF and DMRUPF at β=0 and 1 with l/M=1/20, 1/4 and 1/2, 

the descent margins of MATUPF (numerically expressed as 

%100)( 01   
UPFUPF MATMAT ) are 12%, 7.2%, and 0.0%, and 22%, 11%, and 4.2% in 

uniform and random duration cases, respectively. In contrast, the ascent margins of 

DMRUPF (numerically expressed as %100)( 10   
UPFUPF DMRDMR ) are 0.2%, 3.3%, and 

0.0%, and 1.6%, 3.0%, and 0.3%, respectively. These finding indicates that UPF can 
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sustain a lower MAT and request urgency without loss of service productivity. Conse-

quently, a smaller value of β=[0,0.2] is beneficial because MATUPF decreases rapidly as β 

is close to 0. 

 

Table 3. Analysis of tuning exponents α, β and γ in gain measure function G(dx). 

(a) Results of UPF with <α, β, γ>=<[0, 1], 1, 1>, <1, [0, 1], 1> and <1, 1, [0, 1]> as l=5 

Method Uniform Duration Random Duration 

 DMR (%) MAT  DMR (%) MAT 

 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0

EDF 24.8 24.8 24.8 24.8 24.8 24.8 4.4 4.4 4.4 4.4 4.4 4.4 27.5 27.5 27.5 27.5 27.5 27.5 4.2 4.2 4.2 4.2 4.2 4.2

MRF 40.4 40.4 40.4 40.4 40.4 40.4 1.2 1.2 1.2 1.2 1.2 1.2 40.8 40.8 40.8 40.8 40.8 40.8 1.2 1.2 1.2 1.2 1.2 1.2

SIN-k 24.9 24.9 24.9 24.9 24.9 24.9 4.4 4.4 4.4 4.4 4.4 4.4 27.4 27.4 27.4 27.4 27.4 27.4 4.1 4.1 4.1 4.1 4.1 4.1

RxW 25.6 25.6 25.6 25.6 25.6 25.6 3.5 3.5 3.5 3.5 3.5 3.5 31.5 31.5 31.5 31.5 31.5 31.5 3.4 3.4 3.4 3.4 3.4 3.4

UPFα 24.1 24.1 24.2 23.9 24.0 24.2 4.4 4.4 4.4 4.4 4.4 4.4 25.5 25.5 25.2 24.9 25.0 24.9 4.6 4.6 4.5 4.5 4.5 4.4

UPFβ 24.4 23.9 23.9 24.2 24.2 24.2 3.7 4.4 4.4 4.4 4.4 4.4 25 24.8 24.7 23.4 23.4 23.4 3.7 4.3 4.4 4.8 4.8 4.8

UPFγ 23.8 23.7 23.6 23.8 23.8 23.8 4.3 4.4 4.4 4.4 4.4 4.4 25 24.6 24.5 23.5 23.5 23.4 4.4 4.4 4.5 4.6 4.6 4.8

                          

(b) Results of UPF with <α, β, γ>=<[0, 1], 1, 1>, <1, [0, 1], 1> and <1, 1, [0, 1]> as l=25 

Method Uniform Duration Random Duration 

 DMR (%) MAT  DMR (%) MAT 

 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0

EDF 1.7 1.7 1.7 1.7 1.7 1.7 14.4 14.4 14.4 14.4 14.4 14.4 5.5 5.5 5.5 5.5 5.5 5.5 15.5 15.5 15.5 15.5 15.5 15.5

MRF 26.9 26.9 26.9 26.9 26.9 26.9 3.4 3.4 3.4 3.4 3.4 3.4 28.9 28.9 28.9 28.9 28.9 28.9 3.5 3.5 3.5 3.5 3.5 3.5

SIN-k 2.2 2.2 2.2 2.2 2.2 2.2 14.0 14.0 14.0 14.0 14.0 14.0 5.9 5.9 5.9 5.9 5.9 5.9 14.2 14.2 14.2 14.2 14.2 14.2

RxW 6.6 6.6 6.6 6.6 6.6 6.6 10.5 10.5 10.5 10.5 10.5 10.5 15.5 15.5 15.5 15.5 15.5 15.5 7.6 7.6 7.6 7.6 7.6 7.6

UPFα 1.8 1.8 1.9 1.8 1.9 1.9 14.6 14.6 14.6 14.2 14.0 14.1 5.8 6.0 5.9 5.9 5.8 5.9 15.3 15.2 15.0 14.8 14.8 14.6

UPFβ 4.9 2.8 2.4 1.8 1.7 1.6 11.9 13.7 13.9 13.6 13.7 13.7 6.0 4.3 4.1 3.9 3.1 3.0 11.7 13.4 13.9 14.0 14.3 14.6

UPFγ 2.1 2.1 2.0 2.0 1.9 1.9 13.7 13.6 13.7 14.3 14.3 14.5 6.0 5.1 4.8 4.1 4.0 3.0 14.1 14.4 14.6 15.0 15.1 15.4

                          

(c) Results of UPF with <α, β, γ>=<[0, 1], 1, 1>, <1, [0, 1], 1> and <1, 1, [0, 1]> as l=50 

Method Uniform Duration Random Duration 

 DMR (%) MAT  DMR (%) MAT 

 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0

EDF 1.5 1.5 1.5 1.5 1.5 1.5 14.8 14.8 14.8 14.8 14.8 14.8 2.6 2.6 2.6 2.6 2.6 2.6 22.8 22.8 22.8 22.8 22.8 22.8

MRF 17.8 17.8 17.8 17.8 17.8 17.8 6.2 6.2 6.2 6.2 6.2 6.2 22.4 22.4 22.4 22.4 22.4 22.4 5.8 5.8 5.8 5.8 5.8 5.8

SIN-k 1.6 1.6 1.6 1.6 1.6 1.6 15.4 15.4 15.4 15.4 15.4 15.4 2.4 2.4 2.4 2.4 2.4 2.4 19.8 19.8 19.8 19.8 19.8 19.8

RxW 1.6 1.6 1.6 1.6 1.6 1.6 14.6 14.6 14.6 14.6 14.6 14.6 12.3 12.3 12.3 12.3 12.3 12.3 9.4 9.4 9.4 9.4 9.4 9.4

UPFα 1.5 1.5 1.4 1.3 1.4 1.4 15.2 14.8 14.7 14.5 14.5 14.5 1.9 2.1 2.0 1.8 1.7 1.7 20.1 19.5 19.1 18.5 18.1 18.2

UPFβ 1.5 1.4 1.5 1.5 1.5 1.5 14.3 14.2 14.2 14.2 14.3 14.3 2.1 1.8 1.9 1.9 1.9 1.8 16.0 16.8 17.1 17.5 17.6 18.1

UPFγ 1.5 1.5 1.5 1.5 1.4 1.4 14.6 14.6 14.5 14.5 14.4 14.4 2.0 1.8 1.9 1.8 1.8 1.8 18.4 18.2 18.9 18.9 18.3 18.2
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5.2.3 Exponent γ 
 

Tuning exponent γ has similar effects as tuning β. Increasing the significance of 

fairness can increase DMRUPF and decrease MATUPF. However, the ascent margin of 

DMRUPF and the descent margin of MATUPF are smaller than those for tuning β. When 

exponent β decreases to 0, γ can be applied to further reduce MATUPF to close to or lower 

than MATRxW. 

Weighting urgency and fairness affects the service productivity in different ways. 

The exponentiation )/1( 1
xs  only concerns the urgency of the first outstanding request 

without regard to the popularity of that requested object. Simply weighting urgency be-

haves in a greedy manner to enforce timely constraints, but can yield longer MATUPF. 

The exponentiation )/( xx lw  should be used in chorus to complement )/1( 1
xs . 

Whereas )/1( 1
xs  has a higher descent margin of MATUPF, β is first considered and 

then γ to minimize MATUPF. Even though β is set at 0, a non-zero γ can still reflect the 

urgency to alleviate the request starvation. The experimental results in Table 4 and later 

subsections confirm this finding. 

 
5.2.4 Joint Tuning of Multiple Exponents 
 

This subsection investigates the efficacy of jointly tuning exponents α, β, and γ. 

Following the previous results for the cases of l=25 and 50, this simulation involves a 

strict, short time constraint of l=5 and derives the results listed in Table 4. Since the 

above subsections already mention the similar effort of tuning exponents β and γ, expe-

riments here runs with β=1→0 first and then with γ=1→0.  

Comparing UPF1-0-γ in Table 4(a) with UPFβ and UPFγ in Table 3(a) reveals that 

tuning β=1→0 and γ=1 results in DMRUPF≤DMRSIN≤DMREDF<DMRRxW<DMRMRF and 

MATMRF<MATRxW<MATUPF<MATSIN<MATEDF. When β=0 and γ=1→0, the result be-

comes DMRSIN≤DMREDF≤DMRUPF<DMRRxW<DMRMRF and 

MATMRF<MATUPF<MATRxW<MATSIN<MATEDF. Though DMRUPF increases slightly, it 

remains similar to DMREDF and DMRSIN. Hence, decreasing both β and γ can make UPF 

better than others. When UPF1-0-γ as γ=0.1→0 in Table 4(a), the value of γ in [0.1,0.5] 

could be preferable since DMRUPF goes up and MATUPF goes down rapidly. 
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Table 4(b) further shows the results of weighting service productivity by jointly 

tuning α=1→0 with β=0 and γ=0.1. Comparing UPFα-0-0.1 in Table 4(a) with UPFα in 

Table 3 shows that MATUPF likewise increases as α decreases. In contrast, DMRUPF de-

creases, which is unlike the cases in UPFα where DMRUPF shows no affect. This situation 

implies that the influence and sensitivity of )/1( 1
xs  are higher than )/( maxnnx . 

Moreover, as scrutinized in Table 4(b), the ascent of MATUPF and the descent of DMRUPF 

are smooth as α=1→0. In contrast, UPF degrades drastically as α=0.5→0.1→0 because 

service productivity and request urgency are ignored gradually. Consequently, the value 

range of exponent α should be in [0.5,1], which is consistency with previous results in 

Section 5.2.1.  

 
Table 4. Analysis of joint exponent variance in gain measure function G(dx). 

(a) Results of UPF with <α, β, γ>=<1, 0, [0, 0.1, 0.5, 1.0]> as l=5 

Method Uniform Duration Random Duration 

 DMR (%) MAT  DMR (%) MAT 

 0 0.1 0.5 1.0 0 0.1 0.5 1.0 0 0.1 0.5 1.0 0 0.1 0.5 1.0 

EDF 22.5 23.8 23.2 24.6 4.3 4.4 4.4 4.4 27.9 25.9 24.6 25.2 4.2 4.3 4.5 4.6

MRF 39.3 39.9 39.7 40.4 1.2 1.2 1.2 1.2 41.1 40.9 40.4 40.2 1.2 1.2 1.2 1.3

SIN-k 22.7 24.0 23.1 24.7 4.3 4.3 4.3 4.4 27.6 26.0 24.3 25.3 4.0 4.1 4.3 4.4

RxW 24.1 24.9 24.5 25.3 3.4 3.4 3.4 3.5 31.3 29.9 29.3 30.3 3.4 3.4 3.5 3.6

UPF1-0-γ 39.3 27.0 25.6 24.6 1.2 3.0 3.2 3.7 41.1 28.1 25.9 25.0 1.2 2.9 3.2 3.6

 

(b) Results of UPF with <α, β, γ>=<[0, 0.1, 0.5, 1.0], 0, 0.1> as l=5 

Method Uniform Duration Random Duration 

 DMR (%) MAT  DMR (%) MAT 

 0 0.1 0.5 1.0 0 0.1 0.5 1.0 0 0.1 0.5 1.0 0 0.1 0.5 1.0 

EDF 24.9 24.4 23.8 23.8 4.4 4.4 4.4 4.4 26.6 27.6 27.7 25.9 4.1 4.3 4.3 4.3

MRF 40.5 40.0 39.7 39.9 1.2 1.2 1.2 1.2 39.6 40.7 40.5 40.9 1.2 1.2 1.2 1.2

SIN-k 25.0 24.6 24.0 24.0 4.4 4.4 4.3 4.3 26.2 27.2 27.3 26.0 4.0 4.1 4.1 4.1

RxW 25.3 25.1 24.6 24.9 3.5 3.5 3.4 3.5 30.8 29.9 31.3 29.9 3.4 3.5 3.6 3.4

UPFα-0-0.1 42.8 25.0 26.5 27.0 4.6 3.8 3.1 3.0 41.2 25.9 27.6 28.1 4.3 3.6 3.0 2.9

 
5.2.5 Remark Summary 
 

This subsection summarizes the performance remarks among UPF, EDF, SIN-k, and 

RxW to facilitate readers’ comprehension in the subsequent subsections. First, DMRUPF 

is similar to DMREDF and DMRSIN, but MATUPF is better than MATEDF and MATSIN. 

Second, compared with RxW in all experimental cases, UPF has a lower DMRUPF and 
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somewhat a larger MATUPF. However, as shown later, after specially tuning α, β, and γ, 

UPF is able to attain similar or better MATUPF than MATRxW. Third, MRF has the lowest 

MAT, but its DMR is the largest and may decrease its applicability in a time-critical 

context. Therefore, the practical comparison context will use DMREDF as the low bound 

of DMR and MATMRF as the low bound of MAT, which UPF intends to approach both 

simultaneously. 

 
5.3 Sensitivity on Workload Variance with Different Values of γ 
 

This subsection investigates the efficiency of the UPF approach against linear in-

crements in workload intensities of =2, 4, 6, 8, and 10. Simulations show the results of 

tuning γ aforementioned in Section 5.2. Figure 4(a) depicts DMRUPF and MATUPF in the 

cases of UPF1-0-x where α=1, β=0, and x indicates γ values labeled at the x-axis scale Fig. 

4(b) shows the corresponding result as l=50. In Fig. 4, the horizontal lines present DMR 

and MAT achieved by EDF (in red color) and MRF (in blue color). The lines at higher 

positions indicate the results obtained with larger workload intensities of =2, 4, …,10. 

Tuning the values of γ increases the competency of UPF. Regardless of the increas-

ing workload intensity, highlighting )/( xx lw  with a smaller γ minimizes MATUPF, 

achieving a value very close to MATMRF and much lower than MATEDF, as Fig. 4(a-2) 

and Fig. 4(b-2) show. Though DMRUPF increases in Fig. 4(a-1) and Fig. 4(b-1), its in-

crease margin is slight. DMRUPF remains similar to DMREDF when the workload intensity 

is not drastically high. In addition, the difference percentage between DMRUPF and 

DMREDF is smaller than that between MATUPF and MATEDF (numerically expressed as 

difference/duration×100%). Therefore, experiment results suggest using a smaller γ value 

(0<γ≤0.5). If DMRUPF is concentrated, a larger γ value 0.5<γ<1 is used instead. 
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Fig. 4. Sensitivity on workload variance with different values of γ (baseline: L=1000, M=100, θ=1, 
λ=2, 4, 6, 8 and 10, and random duration l=10). 

 
5.4 Sensitivity on Database Scale 
 

This subsection examines the relative performance of UPF under a logarithmic in-

crease of database scale M=10, 100 and 1000. As Fig. 5 shows, UPF is superior to EDF 

and MRF in large databases. The advantage of UPF becomes more noticeable as the 

workload intensity increases. The UPF approach has a DMRUPF close to DMREDF and 

attains a much lower MATUPF than MATEDF. In other words, UPF maintains fairness bet-

ter than EDF. On the other hand, MRF has similar performance to UPF in small databas-

es, but its DMRMRF does not scale up with the database size. Although the MRF achieves 

the lowest MAT under high workload intensity, it drops numerous requests de facto. In 

contrast, UPF can serve more requests than MRF and still have the similar MAT to 

(2) MAT under workload variance(1) DMR under workload variance

(2) MAT under workload variance(1) DMR under workload variance

(a) Experimental results with random duration (l =10)

(b) Experimental results with random duration (l =50)
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MATMRF in a large database scale and heavy workload. Consequently, UPF does not 

compromise between productivity and fairness based on the database scale. 

 

Fig. 5. Sensitivity on database scale with different workload intensities (baseline: M=10, 100 and 
1000, <α, β, γ>=<0.5, 0, 0.1>, L=1000, θ=1, λ=2, 4 and 8, and uniform or random duration l=25). 
 
5.5 Sensitivity on Access Pattern Variance 
 

The UPF algorithm outperforms the EDF and MRF approaches in terms of the DMR 

when the access pattern is not skewed extremely. Figures 6(a-1) and 6 (b-1) show that the 

DMRUPF is much smaller than DMRMRF in all cases. DMRUPF is smaller than DMREDF in 

all cases of Zipf coefficient θ<0.5 as λ=2 and in all cases of θ<0.8 as λ=4. When the 

access pattern becomes skewed at θ>1, all DMRs and MATs of the UPF, EDF, and MRF 

decrease. DMREDF becomes slightly smaller than DMRUPF in the cases of 0.8<θ<2. 

MATUPF is still much smaller than MATEDF, as Fig. 6(a-2) and Fig. 6(b-2) show. Thus, 
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the UPF is more practical than EDF as long as the access pattern is skewed to a reasona-

ble extent. 

Comparatively, the MRF may have considerable performance if the access pattern is 

near uniform as θ→0. Figures 6(b-1) and 6(b-2) show that the MRF has the smallest 

MATMRF, and correspondingly its DMRMRF is close to DMREDF and DMRUPF. However, 

as 0.2<θ<1, DMRMRF increases drastically, but DMREDF and DMRUPF decrease. On the 

other hand, when the access pattern is skewed extremely with θ>2, all the DMRs and 

MATs of UPF, EDF, and MRF become smaller and close to each other. DMRUPF and 

MATUPF are very close to the smallest DMREDF and MATMRF. Consequently, the UPF 

approach is robust against pattern variance. 

 

Fig. 6. Sensitivity on access pattern variance with different workload intensities (baseline: <α, β, 
γ>=<0.5, 0, 0.1>, L=1000, M=100, λ=2 and 4, and uniform or random duration l=25). 
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5.6 Sensitivity on Duration Variance 
 

This subsection presents the relative performance of UPF, EDF, MRF, SIN-1 and 

RxW in terms of sensitivity to duration variance. Figures 7, 8, and 9 present the experi-

mental results. The UPF with two <α, β, γ> sets, <1, 0, 0.1> and <0.1, 0, 1>, are first 

examined and compared with other approaches. Further tuning the values of α and γ can 

improve the DMR and MAT. Note that the y-axis scale on the MAT is measured by 

MAT/duration×100% to ease the understanding of trade-offs as tuning UPF in terms of 

the DMR and MAT. 

Figure 7 shows that UPF with <α, β, γ>=<1, 0, 0.1> has similar performance to 

RxW. DMRUPF is larger than DMREDF and DMRSIN, but MATUPF is smaller than MATEDF 

and MATSIN. In contrast, UPF with <α, β, γ>=<0.1, 0, 0.1> has a similar DMRUPF to 

DMREDF and DMRSIN, which are smaller than DMRRxW and DMRUPF_1-0-0.1. MATUPF is 

smaller than MATEDF and MATSIN, but larger than MATRxW and MATUPF_1-0-0.1. These 

results appear in most cases with different durations. UPF with <α, β, γ>=<0.1, 0, 0.1> is 

not only superior to EDF and SIN, but also better than RxW when the request workload 

is urgent as l<10. 

Note that DMRUPF_0.1-0-0.1 is smaller than DMRUPF_1-0-0.1, but MATUPF_1-0-0.1 is small-

er MATUPF_0.1-0-0.1. This implies a trade-off between DMRUPF and MATUPF as tuning the 

exponents. As mentioned above, DMRUPF and MATUPF are more responsive to the 

weights of )/( maxnnx  and )/( xx lw  as β=0. To examine the performance UPF, this 

study includes experiments with various α and γ values to resolve this implication. Figure 

8 depicts the results of increasing the importance of )/( maxnnx  with α=1, 0.8,..., 0.1 

to reduce DMRUPF, as compared with UPF with <α, β, γ>=<1, 0, 0.1>. When decreasing 

α values, the MAT becomes a bit higher than MATUPF_1-0-0.1. Figure 9 depicts the results 

of increasing the importance of )/( xx lw  with γ=0.08, 0.06, ..., 0.02 to reduce MATUPF, 

as compared with UPF with <α, β, γ>=<0.1, 0, 0.1>. Conversely, the DMR becomes a bit 

higher than DMRUPF_0.1-0-0.1 as the γ values decrease. Therefore, there is a trade-off be-

tween DMRUPF and MATUPF when tuning α and γ. Despite this trade-off, UPF is still able 

to attain better performance than RxW.  
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Fig. 7. Sensitivity on duration variance (baseline: L=1000, M=100, θ=1, λ=2, and incremen-

tal random duration l=5,10, ... and 50). 
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Fig. 8. Sensitivity on duration variance with tuning α=1, 0.8, …, 0.1 (baseline: L=1000, M=100, 

θ=1, λ=2, and incremental random duration l=5,10, ... and 50). 
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Fig. 9. Sensitivity on duration variance with tuning γ=0.08, 0.06, …, 0.02 (baseline: L=1000, 

M=100, θ=1, λ=2, and incremental random duration l=5,10, ... and 50). 
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6. CONCLUSION 

This paper proposes an on-line scheduling scheme for scheduling on-demand 

time-critical data in a data broadcast channel. The proposed scheme exploits request ur-

gency, service productivity, and access fairness to achieve a synergistic effect. This study 

conducts extensive simulations to investigate the performance of the proposed approach 

in terms of deadline miss rate and mean access time. This study also compares the UPF 

algorithm with the classical EDF and MRF, and the recent SIN-k and RxW algorithms. 

Experimental results demonstrate the ability of the UPF approach to minimize the dead-

line miss rate and mean access time simultaneously. With specific tunable parameters, 

the UPF approach is able to achieve better performance than other approaches. 
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