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Abstract

Virtualized cloud-based services can take advantage of statistical multiplexing across applications to yield

significant cost savings. However, achieving similar savings with real-time services can be a challenge. In this

paper, we seek to lower a provider’s costs for real-time IPTV services through a virtualized IPTV architecture and

through intelligent time-shifting of selected services.

Using Live TV and Video-on-Demand (VoD) as examples, we show that we can take advantage of the different

deadlines associated with each service to effectively multiplex these services. We provide a generalized framework

for computing the amount of resources needed to support multiple services, without missing the deadline for any

service. We construct the problem as an optimization formulation that uses a generic cost function. We consider

multiple forms for the cost function (e.g., maximum, convex and concave functions) reflecting the cost of providing

the service. The solution to this formulation gives the number of servers needed at different time instants to support

these services. We implement a simple mechanism for time-shifting scheduled jobs in a simulator and study the

reduction in server load using real traces from an operational IPTV network. Our results show that we are able to

reduce the load by ∼ 24% (compared to a possible ∼ 31.3% as predicted by the optimization framework). We also

show that there are interesting open problems in designing mechanisms that allow time-shifting of load in such

environments.

I. INTRODUCTION

The increasing popularity of IP-based video delivery has dramatically increased the demands placed

on service provider resources. Content and service providers provision their resources for peak demands

of each service across the subscriber population. However, provisioning for peak demands results in the

resources being under utilized in all other periods.
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Our goal in this paper is to take advantage of the difference in workloads of the different IPTV services

to better utilize the deployed servers. For example, service providers support both Live TV and Video-

on-Demand (VoD) as part of the IPTV service. While VoD is delivered via unicast, Live TV is delivered

over multicast. However, to support instant channel change (ICC) in Live TV, service providers send a

short unicast stream for that channel. Compared to ICC workload which is very bursty and has a large

peak to average ratio, VoD has a relatively steady load and imposes “not so stringent” delay bounds.

By multiplexing across these services, we can minimize the resource requirements for supporting these

combined services: We can satisfy the peak of the sum of the demands of the services, rather than the

sum of the peak demand of each service when they are handled independently.

In this paper, we propose: a) To use a cloud computing infrastructure with virtualization to handle the

combined workload of multiple services. Virtualization gives us the ability to flexibly and dynamically

share the server resources across services. b) To either preload or delay catering to one service when we

anticipate a change in the workload of another service, thereby facilitate the shifting of resources from

from the former to the latter, and c) To provide a general optimization framework for computing the

amount of resources to support multiple services without missing the deadline for any service.

While a significant focus of this paper is on delivering IP-based video to consumers, we seek for

techniques that are general and agnostic to the particular technology (wired or wireless) being utilized

for video delivery. Delivery of video has grown tremendously not only over traditional distribution

infrastructures such as cable and satellite, but also over-the-top (OTT) across the Internet. Much of this is

carried over HTTP, whether it is to consumers over the wired (e.g., DSL, cable, fiber) infrastructure, or to

wireless mobile devices. Mobile users seem to have an insatiable appetite for data, with an almost 8000%

growth in mobile data traffic between 2006 to 2010 (as reported recently in the trade press for a large

wireless service provider in the United States). It is useful to observe (see Figure 1, first presented by

Gerber et al. [1]), that between 1998 and 2010 the total IP backbone data traffic for a large Tier-1 ISP’s

grew almost 4 orders of magnitude. The pattern of wireless data traffic growth for the large US wireless

service provider appears to also follow the same growth curve, just offset by about 8 years. As observed

by Gerber et at. [1], video traffic carried on the top of HTTP (as measured in a Tier-1 Internet service

provider’s backbone) has been growing at an amazing annualized growth rate of 83% between 2009 and

2011. In addition, during the second half of 2010 video streaming was the fastest growing application,

accounting for approximately 37 percent of the mobile bandwidth. As a consequence, the technologies



3

Fig. 1. Growth of US ISP backbone traffic and US cellular provider traffic: Similarity in traffic growth over time.

and learning in how to offer and grow content delivery over the wired infrastructure is likely to be equally

applicable for delivering content (especially video) over the mobile wireless infrastructure as well.

In the rest of this paper, we use ICC and VoD as two example services that we can multiplex. In our

virtualized environment, ICC is managed by a set of VMs (typically, a few VMs will be used to serve a

popular channel). Other VMs would be created to handle VoD requests. With the ability to spawn VMs

quickly [2], we believe that we can shift servers (VMs) from VoD to handle the ICC demand in a matter

of a few seconds. This requires being able to predict the ICC bursts which we believe can be predicted

from historic information. For example, Figure 2 shows repetitive bursts of channel changes occurring

every half hour. Figure 2 also shows the corresponding VoD load and the aggregate load for both services

together.
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Fig. 2. Live TV ICC and VoD concurrent sessions vs time, ICC bursts seen every half hour

Our goal is to find the number of servers that are needed at each time instant by minimizing a generalized

cost function while at the same time satisfying all the deadline constraints associated with these services.

To achieve this, we identify the sever-capacity region formed by servers at each time instant such that

all the arriving requests meet their deadlines. The sever-capacity region is defined as a region where, for

any server tuple with integer entries inside this region, all deadlines can be met. For any server tuple with
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integer entries outside this region, there will be at least one request that misses its deadline. We show that

for any server tuple with integer entries inside the server-capacity region, an earliest deadline first (EDF)

strategy can be used to serve all requests without missing their deadlines. This is an extension of previous

results in the literature where the number of servers are fixed at all times [3]. The server-capacity region

is formed by linear constraints, and thus this region is a polytope.

Having identified the server-capacity region in all its generality, we consider several cost functions:

a separable concave function, a separable convex function, or a maximum function. We note that even

though the functions are concave/convex, the feasible set of server tuples is all integer tuples in the

server-capacity region. This integer constraint makes the problem hard in general. We show that for a

piecewise linear separable convex function, an optimal strategy that minimizes the cost function can be

easily described. Furthermore, this strategy only needs causal information of the jobs arriving at each

time-instant. For any concave cost function, we show that the integer constraint can be relaxed since all

the corner points of the server-capacity region (which is a polytope) have integer coordinates. Thus, well

known concave programming techniques without integer constraints can be used to solve the problem [4].

Finally, for a maximum cost function, we seek to minimize the maximum number of servers used over the

entire period. This paper finds a closed form expression for the optimal value for the maximum number

of servers needed based on the non-causal information of the job arrival process.

We demonstrate two approaches for sharing resources: postponing and advancing VoD delivery. For

both the scenarios in Section VI, we set up a series of numerical simulations to see the effect of varying

the ICC durations and the VoD delay tolerance on the total number of servers needed to accommodate

the combined workload. We consider two examples of the cost function for computing the number of

servers namely, the maximum and piecewise linear convex cost functions. Our findings indicate that the

potential server bandwidth savings of (10% - 32%) can be realized by anticipating the ICC load and

thereby shifting/smoothing the VoD load ahead of the ICC burst.

To reflect real-world performance, we show (in Section VII) using a simulator that implements both

these services that a careful choice of a lookahead smoothing window can help to advance VoD delivery

and average the additional ICC load. Ultimately our approach only requires a server complex that is sized

to meet the requirements of the ICC load, which has no deadline flexibility, and we can almost completely

mask the need for any additional servers for dealing with the VoD load.
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II. RELATED WORK

There are mainly three threads of related work, namely cloud computing, scheduling with deadline

constraints, and optimization. Cloud computing has recently changed the landscape of Internet based

computing, whereby a shared pool of configurable computing resources (networks, servers, storage) can

be rapidly provisioned and released to support multiple services within the same infrastructure [5]. Due to

its nature of serving computationally intensive applications, cloud infrastructure is particularly suitable for

content delivery applications. Typically LiveTV and VoD services are operated using dedicated servers [6],

while this paper considers the option of operating multiple services by careful rebalancing of resources

in real time within the same cloud infrastructure.

Arrival of requests that have to be served by a certain deadline have been widely studied [7], [8].

For a given set of processors and incoming jobs characterized by arrival time and requirement to finish

by certain deadline, EDF (Earliest Deadline First) schedules the jobs such that each job finishes by the

deadline (if there are enough processors to serve) [9]. In this paper, there are multiple sets of services

providing jobs. Each of these services send request for chunks with different deadlines. For a fixed number

of processors, EDF is optimal schedule. In this paper, we find the region formed by server tuples so that

all the chunks are serviced such that no chunk misses deadline.

Optimization theory is a mathematical technique for determining the most profitable or least disadvan-

tageous choice out of a set of alternatives. Dynamic optimization is a sub-branch of optimization theory

that deals with optimizing the required control variables of a discrete time dynamic system. In this paper,

we consider finite-horizon optimization where the optimal control parameters with finite look-ahead are

to be found [10] [11]. More specifically, we know the arrival pattern of the IPTV and VoD requests with

their deadlines in the future. We wish to find the number of servers to use at each time so as to minimize

the cost function. In this paper, we consider different forms of cost functions. We derive closed form

solutions where possible for various cost functions.

III. SYSTEM ENVIRONMENT AND BACKGROUND

This section highlights a typical service provider network infrastructure layout. An end to end logical

architecture is shown in Figure 3. At the top of the hierarchy is the Super Head End Office (SHO) where

both linear programming broadcast content and VoD content are acquired. Content acquired from the SHO

is typically carried over an IP backbone network to each of the Video-Hub-Offices (VHO). The content
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goes to each home from the VHO via the metro-area network into each user’s home and to their set-top

box.
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Fig. 3. IPTV architecture

Servers in the VHO serve VoD using unicast, while Live TV is typically multicast from servers using IP

Multicast. When users change channels while watching live TV, we need to provide additional functionality

so that the channel change takes effect quickly. For each channel change, the user has to join the multicast

group associated with the channel, and wait for enough data to be buffered before the video is displayed;

this can take some time. As a result, there have been many attempts to support instant channel change

by mitigating the user perceived channel switching latency [6], [12]. With the typical ICC implemented

on current IPTV systems, the content is delivered at an accelerated rate using a unicast stream from the

server. The playout buffer is filled quickly, and thus keeps switching latency small. Once the playout

buffer is filled up to the playout point, the set top box reverts back to receiving the multicast stream for

the new channel.

ICC adds a demand that is proportional to the number of users concurrently initiating a channel change

event [12]. Operational data shows that there is a dramatic burst load placed on servers by correlated

channel change requests from consumers (refer Figure 2). This results in large peaks occurring on every

half-hour and hour boundaries and is often significant in terms of both bandwidth and server I/O capacity.

In the current architecture, this demand is served by a large number of servers that are scaled up as the

number of subscribers increases. However this demand is transient and typically only lasts a few seconds

(15-60 secs.) As a result, a majority of the servers dedicated to ICC sit idle outside the burst period. Since

the servers for ICC are different from the VoD servers, the number of servers scale as the sum of peak

requirements of the two services.

In this paper, we consider a potential strategy shown in Figure 4. We can take advantage of the buffering

available in the set-top boxes in users’ homes to deliver more of the VoD content in anticipation of the

ICC load. We can then eliminate VoD delivery during the ICC burst interval and use its resources for
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Fig. 4. Live TV ICC and VoD packet buffering timeline

ICC. This will not only ensure that VoD users do not notice any impairment in their delivered quality

of service (i.e., no interruptions as the playout can be from the local cache, but also allow the reuse of

virtualized VoD servers to serve ICC requests.

IV. OPTIMIZATION FRAMEWORK

An IPTV service provider is typically involved in delivering multiple real time services, such as Live

TV, VoD and in some cases, a network-based DVR service. Each service has a deadline for delivery,

which may be slightly different, so that the playout buffer at the client does not under-run, resulting in

a user-perceived impairment. In this section, we analyze the amount of resources required when multiple

real time services with deadlines are deployed in a cloud infrastructure.

There have been multiple efforts in the past to analytically estimate the resource requirements for serving

arriving requests which have a delay constraint. These have been studied especially in the context of voice,

including delivering VoIP packets, and have generally assumed the arrival process is Poisson [13]. We first

extend the analysis so that our results apply for any general arrival process and we also consider multiple

services with different deadlines. Our optimization algorithm computes the number of servers needed at

each time (the server-tuple) based on the composite workload of requests from these different services. The

optimization goal is to minimize a cost function which depends on the server-tuple such that all the deadline

constraints are satisfied. We also study the impact of relaxing the deadline constraint on the optimal cost.

Subsequently, we quantify the benefit of multiplexing diverse services on a common infrastructure. We

show that significant resource savings can be achieved by dynamically allocating resources across services,

as compared to provisioning resources for each service independently. For example, this can be used to

exploit the same server resources to deliver Live TV as well as VoD, where their deadlines can be
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different, and in the case of VoD we can prefetch content in the STB buffer. Our analysis is applicable

to the situation where ’cloud resources’ (e.g., in the VHO) are dynamically allocated to a service by

exploiting virtualization.

Formulation - Let rj(i) denote the number of class-j requests arriving at time instant i, i ∈ {1, 2, . . . , T},

j ∈ {1, 2, . . . , k}, where k denotes the number of service classes. Every class-j request has deadline dj ,

which means that a class-j request arriving at time i must be served at time no later than min{i+ dj, T}.

In the special case where there is only one service class, the subscripts are dropped, so that the number of

requests at time i is denoted r(i) and the deadline is denoted by d. Let us suppose that si servers are used

at time i. The cost of providing service over a time interval 1 ≤ i ≤ T is denoted by C(s1, s2, · · · , sT ).

Our goal is to minimize C(s1, s2, · · · , sT ) over this time interval, while ensuring that all the deadlines

are met. By definition, a request-tuple is obtained by arranging the numbers rj(i) into a vector of length

kT . It is understood that server-tuples and request-tuples are vectors of non-negative integers.

Given a request-tuple, a server-tuple (s1, s2, . . . , sT ), si ∈ Z+ (where Z+ denotes the set of whole

numbers) is said to be achievable if all requests can be served within their deadlines. The server-capacity

region for a given request-tuple is defined to be a region where all the integer coordinate points in the

region are achievable while none of the integer coordinate point outside the region is achievable. We

provide an example of a server-capacity region in Figure 5(a).

Consider the one-class case. When d = 0 each request must be served at the instant it arrives and

the number of servers needed at time i is at least r(i). Thus the server-capacity region is given by

{(s1, s2, . . . , sT ) : si ≥ r(i), i = 1, 2, . . . , T}. This means that for any server-tuple (s1, s2, . . . , sT ) with

si ∈ Z+ in the sever-capacity region, all the incoming requests will be satisfied and for any server-tuple

(s1, s2, . . . , sT ) with si ∈ Z+ not in the region the deadline for at least one request will not be met. The

following theorem characterizes the server-capacity region for a given request-tuple.

Theorem 1. Given that all service requests belong to the same class, the server-capacity region is the
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set of all server-tuples (s1, s2, . . . , sT ) which satisfy

i+t−d∑
n=i

r(n) ≤
i+t∑
n=i

sn

∀1 ≤ i ≤ i+ t ≤ T, t ≥ d, (1)
l∑

n=0

r(T − n) ≤
T∑

n=T−l

sn∀0 ≤ l ≤ T. (2)

Equation (1) suggests that the total number of servers needed in time window i and i + t has to be

greater than or equal to the sum total of all arriving jobs in time window i and i+ t that have deadlines in

the same window (ignoring the boundary condition that the jobs have to depart by time-instant T , which

is the end of the time interval over which we estimate the required capacity). Equation (2) indicates a

boundary condition that all jobs have to be completed and delivered by the time instant T . This theorem

is a special case of the following theorem.

Theorem 2. Suppose that there are k service-classes. The server-capacity region is the set of all server-

tuples (s1, s2, . . . , sT ) which satisfy

k∑
j=1

i+t−dj∑
n=i

rj(n) ≤
i+t∑
n=i

sn

∀1 ≤ i ≤ i+ t ≤ T,

t ≥ min(d1, · · · , dK), (3)
k∑

j=1

l∑
n=0

rj(T − n) ≤
T∑

n=T−l

sn∀0 ≤ l ≤ T. (4)

Proof: Converse:We will first show the necessity for (s1, s2, · · · , sT ) servers. There are
∑k

j=1 rj(i)

requests arriving at time i and at most si requests can depart at that time. The number of requests that

have to depart in time-window [i, i + t] has to be at-least
∑k

j=1

∑i+t−dj
n=i rj(n). The maximum number

of requests that can depart is
∑i+t

n=i sn. Thus, if
∑k

j=1

∑i+t−dj
n=i rj(n) >

∑i+t
n=i sn, there will be at least

one request that would miss its deadline. Furthermore, for the boundary condition of all jobs arriving in

the trailing time-window, if
∑k

j=1

∑l
i=0 rj(T − i) >

∑T
i=T−l si, the requests arriving in last l + 1 time

instances would not have departed by time T . If the servers (s1, s2, · · · , sT ), si ∈ Z+ are outside the

region given by (3)-(4), some job will miss its deadline. Thus, (s1, s2, · · · , sT ), si ∈ Z+, has to be inside

the region given by Equations (3)-(4) for all the deadlines to be met.

Achievability:We will now prove that if the number of servers (s1, s2, · · · , sT ), si ∈ Z+, are in the
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region given by (3) and (4), all the requests will be served on or before their deadline. For achievability,

we use an Earliest Deadline First (EDF) strategy for servicing the queue of requests. We serve the first

si packets in the queue at time i based on EDF strategy, if there are more than si packets waiting in the

queue. If there are less than si packets in the queue, obviously we will serve all the requests.

Next, we will show that if (s1, s2, · · · , sT ), si ∈ Z+, are in the region specified by (3) and (4), no

request will miss its deadline. Consider a time instant i < T . Suppose that the last time instant prior

to i that the queue became empty is j − 1 (There exists such a point since the queue was empty t least

at time instant 0. So, time instant 0 would be last point if the queue was not empty at any subsequent

point before i). If i < j + min(d1, · · · , dK), then the requests that arrived from j to i have not missed

their deadlines yet. If i ≥ j + min(d1, · · · , dK), the packets that should have departed from time j to i

should be at least
∑k

u=1

∑i−du
n=j ru(n) and since this is ≤

∑i
n=j sn, these requests would have departed.

Therefore, no request from time j to i has missed its deadline yet. Thus, no deadline has been missed

till time T − 1.

We now consider i = T . After the last time j− 1 when the queue becomes empty, we need to examine

if all the requests have been served by time T , since the deadline for some requests arriving between

times j and T would be more stringent. Let j − 1 be the last instant when the queue last became empty.

The number of requests that arrived from that point on are
∑k

u=1

∑T
v=j ru(v). This is ≤

∑T
v=j sv, which

is the number of requests that were served from time j to time T . Thus, there are no requests remaining

to be served after time T . This proves that no request will miss its deadline if (s1, s2, · · · , sT ), si ∈ Z+,

are in the region given by Equations (3) and (4).

Thus, our optimization problem reduces to minimizing C(s1, s2, · · · , sT ), such that Equations (3) and

(4) are satisfied, and si ∈ Z+.

Note that the region given by Equations (3)-(4) can be represented as T (T + 1)/2 constraints given

by
∑i2

i=i1
si ≥ P (i1, i2) for T ≥ i2 ≥ i1 ≥ 0, where P (i1, i2) is the function fully characterized by the

requests and the deadlines and can be derived from equations (3)-(4). Thus, the optimization problem

is equivalent to minimizing C(s1, s2, · · · , sT ), such that
∑i2

i=i1
si ≥ P (i1, i2) for T ≥ i2 ≥ i1 ≥ 0 and

si ∈ Z+.
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V. IMPACT OF COST FUNCTIONS ON SERVER REQUIREMENTS

In this section, we consider various cost functions C(s1, s2, · · · , sT ), evaluate the optimal server re-

sources needed, and study the impact of each cost function on the optimal solution.

A. Cost functions

We investigate linear, convex and concave functions (See Figure 5(b)). With convex functions, the cost

increases slowly initially and subsequently grows faster. For concave functions, the cost increases quickly

initially and then flattens out, indicating a point of diminishing unit costs (e.g., slab or tiered pricing).

Minimizing a convex cost function results in averaging the number of servers (i.e., the tendency is to

service requests equally throughout their deadlines so as to smooth out the requirements of the number

of servers needed to serve all the requests). Minimizing a concave cost function results in finding the

extremal points away from the maximum (as shown in the example below) to reduce cost. This may result

in the system holding back the requests until just prior to their deadline and serving them in a burst, to

get the benefit of a lower unit cost because of the concave cost function (e.g., slab pricing). The concave

optimization problem is thus optimally solved by finding boundary points in the server-capacity region

of the solution space.

We consider the following cost functions:

1) Linear Cost: C(s1, s2, · · · , sT ) =
∑T

i=1 si. This models the case where we incur a cost that is

proportional to the total number of servers needed across all times.

2) Convex Separable Cost: C(s1, s2, · · · , sT ) =
∑T

i=1 C(si), where C(si) is a convex function. This

models the case when a data center sees an increasing per unit cost as the number of servers required

grows. We consider two examples of C(si), the component cost function. The first is the exponential

function, C(si) = exp(si). The second is a piecewise linear function of the form C(si) = si+ c(si−K)+

where c,K ≥ 0. This component cost function has per-server cost of unity when si ≤ K, and per-server

cost of 1 + c thereafter.

3) Concave Separable Cost: C(s1, s2, . . . , sT ) =
∑T

i=1 C(si), with component cost C(si) a concave

function. This may arise when the per-server cost diminishes as the number of servers grows.

4) Maximum Cost: C(s1, s2, · · · , sT ) = maxTi=1 si. This cost function penalizes the peak capacity that

will be needed to serve the incoming sequence of requests.
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B. Examples

In this subsection, we provide a few examples to illustrate the optimization framework. We consider

both the case of a single service, and the case of two services.

Single service: Let us consider a single service, whose requests r(i), arrive, each with a deadline of

d = 5. Consider a total time period of T = 100. Consider as the arrival requests the sequence [10, 0]

repeated until time T = 100. The convex optimization algorithm will yield a requirement of si = 5 for

all 1 ≤ i ≤ 100 as the optimum number of servers. This is because the total number of 10 arrivals in a

time span of 2 time units will have to be served prior to their deadline of d = 5, and can be done with 5

servers. Since the linear cost function is a special case of convex optimization, we get the same result.

The concave algorithm tends to move the servers needed to a corner point of the server-capacity region,

which is a polytope formed by the various deadline constraints. In this case, this will result in optimal

server requirement at each time to be [0, 0, 0, 0, 30] over a span of 5 time units. This server requirement

will be repeated for each of the 5-time unit spans until T = 100. We note that the solutions given here

are the optimal solutions in terms of cost. However, the optimal solution need not be unique. The cost

function based on the maximum number of servers will also show that the number servers needed is at

least 5.

It can be seen that the optimal solution for the concave cost function is peaked, and this is accomplished

by increasing the number of servers at certain times and significantly reducing the requirement at other

times. On the other hand, the convex cost function results in smooth optimal solutions obtained by

spreading jobs out as evenly as possible. In our case, this is seen through the optimal allocation of 5

servers at each time instant. The maximum cost function results in a solution that smoothes out the peak

requirement by deferring requests at peak times to times when there are comparatively less requests.

Multiple services: In this example, let us consider two services namely VoD and Live TV (whose

service requirement is primarily to serve the ICC requests). Consider the case that the VoD has an arrival

process r1(n) that is a sequence of arrivals at each of the first 6 time instants as: [10, 0, 10, 0, 10, 0].

This is is repeated. The ICC service requests also arrive as follows over the first 6 time instants as [4, 10,

4, 10, 4, 10]. This is also repeated. The deadlines are one time slot d1 = 1 for VoD and d2 = 0 for ICC

(i.e., there is no deadline flexibility and it has to be served within that time slot). The convex algorithm

would result in the optimal number of servers being si = 12. Thus, two of the requests of VoD in the

odd time instants are served only in next time instant. Since the linear cost function is a special case of
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convex optimization, the above is an optimal solution even for the linear cost function. For a concave

cost function, the two feasible corner points are having a number of servers equal to [14, 10, 14, 10, 14,

10] over the first 6 time instants which is repeated], and a number of servers equal to [4, 20, 4, 20, 4,

20] which is then repeated. Note that for any concave function, the allocation of a number of servers [4,

20, 4, 20, ...] will cost no more than the cost of [14, 10, 14, 10, ...]. Thus the sequence of allocations of

[4, 20, 4, 20], that is repeated, is the optimal solution. This solution holds back the VoD that have to be

served along with the peak in the arrival of ICC requests. Thus, the maximum server cost will result in

the minimum number of servers needed, 12.

C. Optimal Solutions

1) Linear Cost Function: One strategy for meeting this cost is to set si =
∑k

j=1 rj(i), which means

that we serve all requests as they arrive.

2) Piecewise Linear Convex Cost Function: Consider any scheduling of the incoming requests which

uses yi server resources a time i. Suppose that we only serve min(yi, K) of the requests and drop the

remaining. The cost of using servers yi at time i is given by total number of requests + c times the number

of dropped requests. We know that the earliest deadline first strategy minimizes the number of dropped

requests and hence the optimal strategy for the cost is as follows. Suppose that when we use earliest

deadline first as the strategy with K as the number of servers, ŝi be the number of requests served in

time i and s̃i is the number of requests dropped (Note that s̃i = 0 if ŝi < K.). Then si = ŝi + s̃i is an

optimal solution.

3) Exponential Cost Function: This is a convex optimization problem with integer constraints, and is

thus NP hard problem in general. We here provide an achievable solution based on convex primal-dual

method.

Initialization: Let all si =
∑k

j=1 rj(i).

Repeat (n=1, .... ):

1. λi1,i2 = (λi1,i2 + δn(P (i1, i2)−
∑i2

i=i1
si))

+, where δn = 1/n3/5 for all 1 ≤ i1 ≤ i2 ≤ T .

2. si = (⌊log(
∑i

i1=1

∑T
i2=i λi1,i2)⌋)+ for all i = 1, · · · , T .

3. si = si +maxi2≥i(P (i, i2)−
∑i2

j=i sj)
+ for all i = 1, · · · , T .

We initialize the algorithm by serving all the requests in the time they arrive. The first step changes the

value of lagrange multipliers based on the linear constraints. The second step updates the servers based
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on the lagrangian solutions and rounds the servers below to integers. The third step increases the servers

so that the solution at each step will be achievable and all the constraints are satisfied.

4) Concave Cost Function: This is a concave programming with linear and integer constraints.

For a concave minimization with linear constraints, the solution is one of the corner points of the

polytope formed by the linear constraints [14]. We will show that minimization with linear and integer

constraints is the same as minimization with just the linear constraints. Thus, the solution to the problem

is one of the corner points of the polytope formed by the linear constraints.

Theorem 3. Minimizing a concave function of (s1, s2, · · · , sT ) with linear constraints of the form P (i1, i2)−∑i2
j=i1

sj ≤ 0 for all 1 ≤ i1 ≤ i2 ≤ T and integer constraints si ∈ Z+ for P (i1, i2) ∈ Z+ is the same as

minimizing the same concave function with linear constraints of the form P (i1, i2)−
∑i2

j=i1
sj ≤ 0 for all

1 ≤ i1 ≤ i2 ≤ T , and linear constraints of the form si ≥ 0. Thus, the integer constraint requirement can

be relaxed.

Proof: We note that the first problem with linear and integer constraint gives a higher cost than the

problem with only linear constraints because we are minimizing over a smaller region. If we prove that

the optimal solution of second problem is a feasible solution of first, we prove that the second problem

has a higher cost thus proving that the optimal cost for the two problems is the same.

To show that optimal solution of second is a feasible solution of first, we need to prove that the optimal

solution of second problem has si ∈ Z+. Since the optimal solution of the second problem is one of the

corner points of the polytope formed by linear constraints, it is enough to show that all the feasible corner

points have si ∈ Z+.

There are T (T +1)/2 of the linear constraints P (i1, i2)−
∑i2

j=i1
sj ≤ 0. The feasible corner points are a

subset of the points formed by solution of any T of the conditions P (i1, i2)−
∑i2

j=i1
sj = 0. We now find

the solution of any T equations of the form
∑i2

j=i1
sj = P (i1, i2). This is equivalent to As = p for A as a

T ×T binary matrix, s = [s1, · · · sT ] and p as a T × 1 vector. We note that due to the structure of A, this

can be reduced by Gaussian elimination to get A in row-echelon form maintaining the binary structure of

A and maintaining p as an integer vector. At each step, choose the row with minimum number of entry

1 to subtract from all other rows from where a leading 1 is to be removed. This will result in a binary

matrix at each step in the reduction. In this row-echelon form, if there are no zero rows, the matrix is

full rank. We start with last row which gives sT as integer and remove column and keep going back thus

giving us a feasible solution which has all coordinates as integers.
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S =

⌈
max

{
max

1≤i≤i+t≤T,t≥min(d1,···dk)

∑k
j=1

∑i+t−mj

n=i rj(n)

t+ 1
, max
0≤l<T

∑k
j=1

∑l
i=0 rj(T − i)

l + 1

}⌉
, (5)

If there are zero rows in the row-echelon form, A is not full rank. If t rows are zero, we check if the

last t elements in p are zero or not. If not, this system of equations do not give a feasible solution. If

yes, this results in a t-dimensional plane of feasible solutions which means that t of the equations are

redundant and can be removed. Thus, this condition do not give any corner point solution since we can

remove these t constraints and always add other constraints from our set of inequations to get corner

points on this plane.

Thus for any concave function, the problem is a concave minimization problem with linear constraints.

Efficient solutions for this class of problem have been widely studied, see for example [14], [15].

5) Maximum Cost Function: For this cost function, the optimal cost is given in the following theorem.

Theorem 4. Suppose that there are k arrival processes rj(i) for 1 ≤ j ≤ k and 1 ≤ i ≤ T to a queue at

time i. Request rj(i) arriving at time i has a deadline of min(i+ dj, T ). In this case, the peak number of

servers given by (5) at the top of next page, is necessary and sufficient to serve all the incoming requests.

Proof: The necessity of these number of servers follow by Theorem 1, in the sense that if there are

S servers at each point, S has to be at-least as in the statement of this Theorem. Further, these number

of peak servers are sufficient also follows from Theorem 1 by using S servers at each time and using

earliest deadline first strategy.

In case there is no restriction on all the requests being served by time T , this is equivalent to lengthening

each incoming processes to a length T +max(d1, · · · dk) arrival process where rj(i) = 0 for i > T . This

gives us the following corollary.

Corollary 5. Suppose that there are k arrival processes rj(i) for 1 ≤ j ≤ k and 1 ≤ i ≤ T to a queue

at time i and no request is arriving for times i > T . Request rj(i) arriving at time i has a deadline of

i+ dj . In this case, the peak number of servers given by,

S =

⌈
max

1≤i≤i+t≤T,t≥min(d1,···dk)

∑k
j=1

∑i+t−mj

n=i rj(n)

t+ 1

⌉
, (6)

is necessary and sufficient to serve all the incoming requests.
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Corollary 6. When none of the services can have any delay, (or dj = 0), the peak number of servers that

is necessary and sufficient is given by max1≤n≤T

∑k
j=1 rj(n).

VI. NUMERICAL RESULTS

We provided an analytic framework that computes the optimal amount of resource (i.e. number of servers

at different times) for accommodating multiple services with different deadlines in Section V. The initial

theoretical framework depends on non-causal information regarding the arrival times and deadlines for each

chunk of a requested content. In this and the next sections, we demonstrate two optimization approaches

namely, postponing and advancing VoD delivery. Note that the proposed optimization framework is general

enough to allow for all cases of adjustments (advancement, postponement or a combination of both).

If users are able to tolerate a certain amount of startup delay, the service may postpone transmitting

VoD requests. Alternatively, VoD requests can also be prefetched after the initial movie request without

incurring any startup delays (i.e. subsequent chunks of the movie can be prefetched before their playout

deadlines). In this section, we use numerical simulations and non-causal information to compute the

number of concurrent streams (sessions) needed in both these scenarios, for different cost functions (max

and convex).

A. Maximum cost function, postponement scenario
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We set up a series of experiments to see the effect of varying firstly, the ICC durations and secondly,

the VoD delay tolerance on the total number of concurrent streams needed to accommodate the combined

workload. All figures include a characteristic diurnal VoD time series (in blue) and a ICC time series

(in red). Based on these two time series, the optimization algorithm described in section V computes the

minimum number of concurrent streams that need to be accommodated for the combined workload as

follows. For a given VoD Delay n ≥ 0, we use two services, one with delay 0 and one with delay n.
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For each incoming VoD movie request of length L, a request is made of second service in each of the

L consecutive time-slots. Further, each ICC burst creates a request dor the first service. Thus, given the

requests of the two services, Equation (5) gives the number of concurrent streams that are necessary and

sufficient to serve all the incoming requests.

The legends in each plot indicate the duration that each VoD session can be delayed by (n). Figure 6

shows the superposition of the number of VoD sessions with a periodic synthetic LiveTV ICC session.

The duration of the ICC burst is set to be 15 seconds (i.e. all ICC activity come in a burst and lasts for

15 seconds), and the peak of the pulse is set to be the peak of the VoD concurrent streams for the whole

day. We now compute the total number of concurrent streams that the server needs to accommodate by

delaying each VoD session from 1 second to 20 seconds in steps of 5 seconds. It is observed that as

VoD sessions tolerate more delay the total number of servers needed reduce to the point (15 sec delay)

at which all ICC activity can be accommodated with the same number of servers that are provisioned

for VoD thus resulting in 50% savings in the server bandwidth. On the other hand, if the VoD service

can afford only 1 second delay, the total number of concurrent streams that need to be accommodated is

roughly double. Figure 7 shows a similar effect; the only difference is that an operational trace is used for

Live TV. We note that as VoD requests are delayed up to 20 seconds the total server bandwidth reduce

by about 28% as compared to serving Live TV and VoD without any delay.

B. Maximum cost function, prefetching scenario

Prefetching subject to no downlink bandwidth constraint: A movie request is made up of different

chunk deadlines. For each chunk, we associate a service class. Specifically, the ith chunk of any movie

is designated a service class i with a corresponding deadline of i− 1. For a requested movie, we enlist a

request made of L service classes (service classes 1 to L), where L is the movie length. A LiveTV ICC

request corresponds to a service class 1 request for 15 consecutive seconds as in the postponement case.

Thus, our analysis in Section V can be used to find the peak number of concurrent streams for M service

classes, where M is the maximum over all movie lengths.

For an operational trace as shown in Figure 7, with prefetching, a maximum of 24955 concurrent streams

can accommodate both LiveTV and VoD requests. With only LiveTV, the total number of concurrent

streams needed is 24942. VoD requests can be essentially serviced with just an additional 13 concurrent

streams.
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TABLE I
MAXIMUM PREPONEMENT THRESHOLD VS NUMBER OF CONCURRENT SESSIONS ACCOMMODATED

n 0 4 9 14 19 Inf
# sessions 36324 32964 30529 28820 27504 24955
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Fig. 10. Maximum number of concurrent sessions vs time for different preponement thresholds, n.

Prefetching subject to downlink bandwidth constraint: In the previous case, all the chunks for the

movie were queued with the movie request. This may sometimes lead to many chunks being delivered

to the end user simultaneously violating the downlink bandwidth. Practically, the downlink bandwidth

of the users is a constraint. Also, there is a limit to the time the chunks can be prefetched. We take

these two issues into account by putting a maximum constraint on the prefetching. Consider a maximum

preponement threshold of n ≥ 0. For a given n, we make min(n + 1,M) service classes with deadline

of 0 till min(n,M − 1) where M is the maximum over all movie lengths. As soon as the movie request

j (with movie length L) occurs, a request is made for 1 chunk each of service class 1 to min(n+ 1, L),

and for all next (L−n− 1)+ timeslots, there is a request for a chunk of service class n+1. VoD request

creates requests of service class 1 in consecutive 15 time-slots as before.

We find the number of concurrent streams needed by Equation 5 and Table I shows the number of

concurrent streams with varying n. This is also depicted in Figure 13.

C. Convex piecewise linear cost function

Postponement Scenario: Figures 8 and 9 show the number of concurrent streams needed when a

piecewise linear cost function is used. We note how for different values of K allocates substantially

different number of servers. Figure 8 simulates a synthetic LiveTV ICC 15 sec pulse width of amplitude

≈ 12000 and an operational VoD measurement trace. When K = 12500 the number of concurrent streams

needed peak with every incoming ICC burst (spaced 30 mins apart) and then bottom out at the VoD
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envelope (in blue). If we use a smaller K, e.g. K = 10000, many chunks will miss their deadlines

(especially during the peak hour) if total of K servers are used. Thus, a large number of chunks have to

be served with a higher cost (red spikes of value 2.3× 104 during the busy hour). The number of chunks

that need to be served with a higher cost is larger when K is smaller. For any K which is at-least given in

Equation 5, all the requests can be served at the lower cost and hence never are more than K concurrent

streams needed. For any K smaller than that in Equation 5, there would be a chunk that misses deadline

with K concurrent streams and hence there will be at-least one chunk that is served at higher cost. Lower

the value of K, more jobs need to be served with higher cost. Figure 9 portrays a similar story for an

operational LiveTV trace. With a smaller K, jobs are delayed to create larger overshoots (red spike of

value 3.6× 104).

Prefetching Scenario: Figure 11 shows the number of concurrent streams with time by prefetching

VoD requests with no downlink bandwidth constraint, while Figure 12 shows the corresponding CDF.

Once again, we notice that lower the value of K, more jobs need to be served with higher cost. Further,

for any K which is at-least given in Equation 5 (24955), all requests can be served at the lower cost and

hence never are more than K concurrent streams needed.
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VII. SIMULATION

In the previous section, we used numerical examples to show the accuracy of our optimization frame-

work. However, those examples were based on non-causal information. In this section, we use a simulator

that simulates the client-server interactions faithfully to demonstrate the efficacy of our proposal in a

practical setting using causal information only. In particular, we show how VoD chunks can be delivered

in advance of their deadline, in anticipation of the ICC burst. We evaluated our approach using traces

of over 18 million VoD and ICC requests VoD seen in a large-scale operational IPTV service, collected

over 24 hours at a set of VHOs in one state. Our results using the simulator show that, despite having
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non-causal information only, we can achieve substantial reduction in peak load but adjusting deadlines

of VoD chunks. We also see that the number of servers required is very close to what is predicted by

the numerical analysis in the previous section. In the rest of this section, we present the details of our

experiment setup, how we performed the deadline adjustment and our experimental results.

A. Experiment Setup

We used a custom event-driven simulator to perform our experiments. The simulator models the clients

and the servers and the interaction between them in great detail. We view each video as comprising of

chunks. This is similar to what most commercial streaming systems (e.g., HTTP Live Streaming, Smooth

Streaming) employ today. When a client requests a video, it sends the requests to the server and in

response identifies the chunks in video. We set each chunk to be up to 30 seconds long. Each client

then requests N chunks in parallel from the server. In our experiments we nominally set N = 25. The

server then schedules these requests according to their deadlines (i.e., the time by which the client should

have that chunk) and transfers it before the deadline. Upon receiving a chunk, the client requests the next

outstanding chunk.

We modeled ICC requests also as requests for video. We assumed that each ICC request results in 15

seconds of unicast video transferred to the client. As a result, each ICC request results in a request of

one 15-second chunk of video that has to be delivered immediately.

As observed in the traces, there is a sudden burst in ICC requests every 30 minutes and lasts for a

short duration. We call this the ICC Burst Window. We seek to minimize the load due to these ICC bursts

by advancing the transfer of previously scheduled VoD requests. The process we adopt is depicted in

Figure 13. Assuming that the ICC burst window lasts from time t+s to t+b, we start the adjustment

process at an earlier point, at time t. In the window from t to t+s, which we call the smoothing window,

we advance the jobs already scheduled in the ICC burst window. Thus these jobs are served prior to their

deadline. However, in this process we make room for the increased number of ICC requests expected in

the burst window. Note that we do not take any special action for the new VoD requests that arrive after

the adjustment process has begun at time t, but before the end of the burst window. As a result, these

requests will result in some continued VoD load during the burst window. One could however implement

a more sophisticated scheme if the environment warrants it.

The reduction in load depends on multiple factors. First, we need to predict when the burst will occur.

Next, we need to predict how long the burst’s effect will last (i.e., burst window). We also need to
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Fig. 13. Overview of the job adjustment process.

predict how many VoD jobs scheduled in the burst window have to be moved. Finally, when we start the

adjustment process, its time period for averaging the load (i.e., smoothing window) also plays a key role.

We study each of these effects in our experiments. We assume that our ICC spike occur at fixed 30

minute intervals. By default we assume that our burst window is one minute long, but we also experiment

with two minute bursts. We typically assume that the adjustment starts 10 minutes before the burst window

and that all the scheduled VoD jobs are randomly adjusted over the smoothing window. The smoothing

window is also set at 10 minutes. Note that we ideally want to use a larger smoothing window than the

burst window to spread out the load imposed by the moved jobs; otherwise we will experience a spike in

the load during the smoothing window, thus negating the benefit of the procedure somewhat. Our primary

metric is the number of concurrent streams that servers have to serve. We use this as our metric because

it directly translates to how many servers are required to support the total request load. In particular,

the peak number of concurrent streams is most relevant because it give the minimum number of servers

required.

B. Rescheduling jobs reduces load

For the main result, we show that rescheduling jobs to an earlier deadline is indeed possible and that it

can result in a significant reduction in the aggregate load. We assume an ICC burst window of 1 minute

and a smoothing window of 10 minutes. We also assume that all the VoD jobs prior to the burst window

are moved to the beginning of the smoothing window. We plot the result in Figure 14.

The inset in Figure 14 shows the trends for the full day. To emphasize the performance during the

peak period (e.g., the prime TV viewing time), we plot peak period for the day (the first 400 minutes,

marked by the shaded region in the inset) during which the peak number of streams are served. The result

of this experiment shows that with the adjustment, we are able to bring the peak number of concurrent



22

 5000

 10000

 15000

 20000

 25000

 30000

 35000

 40000

 50  100  150  200  250  300  350  400

N
o.

 o
f C

on
cu

rr
en

t S
es

si
on

s

Time (min)

Original Server Load
Load with Adjustment

 0

 10000

 20000

 30000

 40000

 300  600  900  1200

Fig. 14. Reduction in load due to job rescheduling.

streams down from 36324 streams to 27813 streams, a ∼ 24% reduction. This number is very close to the

load due to ICC requests alone, indicating that we have successfully moved all the VoD requests needed,

making way for the ICC burst to be served in the burst window.

While this is a substantial reduction, it is lower than the possible 31.3% reduction (36324 to 24955)

obtained in Table I. We attribute the lower gain to the way we exercise the time-shifting of the VoD

load. Recall that the adjustment of serving VoD requests is done at the start of the smoothing window.

However, any VoD requests that arrive after the adjustment is initiated cannot be rescheduled and results

in load during the burst window as well. With a 10 minute smoothing window, we see quite a few of the

new VoD requests after the adjustment is complete. To understand this interaction better, we study the

effect of varying the size of the smoothing window next.
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Fig. 15. Effect of smoothing window.
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Fig. 17. Probability of moving jobs vs. load.

C. Effect of smoothing window size

The smoothing window size determines how the VoD load from the burst window is distributed.

Choosing a small smoothing window results in more accurate determination of how many scheduled

VoD jobs exist, but could result in a load spike within the smoothing window. On the other hand, a large

smoothing window allows us the average the VoD load from the burst window better, but prevents the
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rescheduling of many new VoD sessions that arrive subsequently. We quantify the effect of the smoothing

window, while keeping the burst window at 2 minutes. VoD jobs are shifted from those two minutes. We

vary the smoothing window from 2 minutes to 10 minutes and present the results in Figure 15.

Interestingly, we see that at the peak (around the 180 minute time marker), using a 5 minute smoothing

window results in better performance than a 10 minute smoothing window (26979 vs. 27813 streams).

We attribute the improvement to the ability to reschedule more VoD streams because of a smaller

smoothing window. However it is not as simple as just employing a smaller window. When we reduce

the smoothing window further, to 2 minutes, the load is consistently higher than the other windows. Even

more importantly, the 10 minute smoothing window consistently outperforms the others outside the peak

viewing period (e.g., see at 300 minutes). This is because at the peak period, the number of ICC requests is

significantly higher than the VoD requests. Hence moving as many VoD requests as possible is important.

At other times, the number of VoD requests are higher. Hence moving all the VoD requests to an earlier

deadline increases the load at that time. This is significant; it tells us that we need a more sophisticated

approach to predicting the load in a burst and in choosing the size of the smoothing window.

D. Effect of Burst Window

Understanding the burst window is important as it tells us how long the burst is going to last. We study

the effect of the size of the burst window by changing the burst window from 1 minute to 2 minutes, while

keeping the smoothing window fixed at 10 minutes. We present the result in Figure 16. Interestingly, we

see that the size of the burst window has only a small role to play during the peak. This is because the

majority of the load during the peak comes from ICC requests and the new VoD sessions. However we

see that outside the peak interval, using a smaller burst window results in lower load. This again can be

attributed to the fact that the load in these periods is primarily due to VoD and moving more jobs (like

we do with the 2 minute burst windows) is counter-productive. Finally, we see sharp reductions in load

after the burst window of 2 minutes, but not with a burst window of 1 minute. This is again because we

have move many more VoD jobs than necessary.

E. Probabilistically moving jobs

The burst window tells us the interval from which we need to move the VoD jobs, and the smoothing

window gives us the duration over which we may schedule them. However, we also need to know how

many jobs to move. To capture this, we probabilistically moved jobs to the smoothing window. We set
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the smoothing window at 10 minutes and the burst window at 2 minutes but varied the probability p

of moving a job from 0.25 to 1.0 and plot the result in Figure 17. We note some interesting behavior.

First, during the peak (marked with ’1’), we see that increasing the probability of moving jobs decreases

the number of concurrent streams. However, at other times (marked with ’2’), decreasing the probability

decreases the concurrent streams. This result clearly shows that we need a smarter way of figuring out

how many jobs to move for this procedure to be applicable in a general.

VIII. CONCLUSIONS

We studied how IPTV service providers can leverage a virtualized cloud infrastructure by intelligently

time-shifting load to better utilize deployed resources while still meeting the strict time deadlines for each

individual service. We used LiveTV ICC and VoD as examples of IPTV services that can run on a shared

virtualized infrastructure. Our paper first provided a generalized framework for computing the resources

required to support multiple services with deadlines. We formulated the problem as an optimization

problem and computed the number of servers required based on a generic cost function. We considered

multiple forms for the cost function of the server complex (e.g., min-max, convex and concave) and solved

for the optimal number of servers required to support these services without missing any deadlines.

We demonstrate two approaches for sharing resources: postponing and advancing VoD delivery. Using

numerical analysis and non-causal information, we show that by postponing or advancing delivery of

VoD we can support both services using a minimum number of servers as predicted by our optimization

framework. To validate in real world (using causal information) we implemented a simple strategy to

advance VoD delivery and evaluated it using traces from an operational system. Our results show that

anticipating ICC bursts and time-shifting VoD load gives significant resource savings (as much as 24%)

that are close to the optimum achievable (∼31.3%). We show that in a realistic setting using simple

mechanisms, the server load reduction is dependent on the duration of the adjustment (burst window), the

number of jobs moved and the period over which they are averaged (the smoothing window).
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