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Abstract—Heterogeneous multimedia content delivery over
wireless networks is an important yet challenging issue. One of
the challenges is maintaining the quality of service due to scarce
resources in wireless communications and heavy loadings from
heterogeneous demands. A promising solution is combining multicasting and scalable video coding (SVC) techniques via cross-layer
design, which has been shown to effectively enhance the quality
of multimedia content delivery service in the literature. Nevertheless, most existing works on SVC multicasting system focus on
the static scenarios, where a snapshot of user demands is given
and remains the same. In addition, the economic value of the
SVC multicasting system, which is an important issue from the
service provider’s perspective, has seldom been explored. In this
paper, we study a subscription-based SVC multicasting system
with stochastic user arrival and heterogeneous user preferences.
A stochastic framework based on the multidimensional Markov
decision process (M-MDP) is proposed to study the negative network externality existing in the proposed system and theoretically
evaluate the corresponding system efficiency. A game-theoretic
analysis is conducted to understand the rational demands from
heterogeneous users under different subscription pricing schemes.
By transforming the original dynamic and complex M-MDP
revenue optimization problem into a traditional average-reward
MDP problem, we show that the optimal pricing strategy that
maximizes the expected revenue of the service provider can be
derived efficiently. Moreover, the overall user’s valuation on the
system, e.g., social welfare, is maximized under such an optimal
pricing strategy. Finally, the efficiency of the proposed solutions is
evaluated through simulations.
Index Terms—Markov decision processes, game theory, scalable
video coding, multicasting, pricing.

media content delivery over wireless networks becomes more
and more popular, e.g., mobile video download/upload, live
video streaming [1] and Internet Protocol TV (IPTV) [2]. One
challenging issue in such wireless multimedia delivery systems
is how to maintain the quality of service due to scarce resources
in wireless networks and heavy loadings from heterogeneous
demands.
Multicasting in wireless communications is a natural solution
to the overloading problem in wireless live video streaming
and IPTV. When multiple wireless users within a certain range
request for the same multimedia content, the transmitter can
simply broadcast one copy of the content to all receivers, which
is called multicasting. The service provider may categorize
users into several multicast groups according to their demands
in contents, and then perform multicasting in delivering. However, challenges still exist in such a group-based multicast
approach since each multicast group still requires resources
to function. How the limited resources should be allocated
to each group is an important issue. Moreover, heterogeneous
users may use devices with different computational capabilities.
Those devices with low computation capabilities may not be
able to decode high-quality contents. Therefore, the service
provider needs to deliver the same content in multiple qualities,
such as in standard resolution (SD) and high resolution (HD), to
satisfy these heterogeneous devices’ requirements. This introduces serious redundancy in the delivery and therefore further
aggravates the overloading issue.

I. I NTRODUCTION

W

ITH the development of multimedia compression and
the advance of wireless networking techniques, multi-
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A. SVC Multicasting Service
Scalable video coding (SVC) is a promising technique to
resolve the content redundancy issue [3]. It provides a flexible
design to encode the videos into a series of data streams, each of
which represents a layer of the video. The base layer (layer 1)
can be decoded independently without the information stored
in other data streams. It also has a low decoding requirement
in computation capability. Other layers are called enhancement
layers, which contain extra information to reconstruct a higher
quality video. A receiver may derive a higher quality video by
decoding the base layer and subsequent enhancement layers.
Therefore, the redundancy in delivery can be greatly reduced
with such a technique. By combining multicasting and SVC
techniques, the cross-layer design shows great potentials in
enhancing the quality of multimedia delivery service. An example is illustrated in Fig. 1, where a video multicasting server
is offering two SVC videos, each with two layers. Four users
are already using the service, while subscriber 2∼4 request for
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Fig. 1. A SVC multicasting platform offering two 2-layer videos.

video 1 and subscriber 1 requests for video 2. Three multicasting groups, each for a specific layer of a video, are formed
according to their requests for the video and layers. Notice
that the transmission of video 2’s layer 2 is suspended because
no users are requesting it. Nevertheless, when subscriber 5
arrives the system, she sends a request to the video server
for the video 1 with both layers. If the video server accepts
the request, subscriber 5 will join the multicasting groups for
video 1’s layer 1 and layer 2. The resource allocation of each
multicasting group will then be determined according to the
channel conditions and demands of users.
B. Related Works
The cross-layer design of SVC multicasting system has been
discussed in the literature. A popular approach is the utilitybased approach [4], where users are assumed to have some
utilities if they receive and decode the demanded videos correctly. Under such an approach, the objective of the system
is maximizing all users’ utilities given the current demands
and the channel conditions. Generally, given a snapshot of
the multicasting system, the multiple multicast group resource
allocation problem can be reduced to a 0–1 Knapsack problem
if the selectable resource allocation pattern is not continuous,
e.g., finite set of modulation and coding schemes. Since the
0–1 Knapsack problem is NP-hard, approximated algorithms
are more desired to efficiently solve the resource allocation
problem. Several approximated algorithms with different objectives for the snapshot optimization have been proposed in
the literature. A straightforward greedy algorithm is proposed
in [5] while a pseudo-polynomial algorithm for minimizing the
total energy consumption is proposed in [6]. In [2], the authors
proposed an envelope-based approximated algorithm and gave
a tight error bound. Dynamic programming approaches, which
make use of the sequential utility increment structure in SVC
technique, are introduced in [1], [7], and [8]. This problem
becomes more challenging when it comes to cognitive radio [9].
In [10] the authors illustrate how to jointly consider the availability of channels with video multicasting. A similar opportunistic multicasting approach is shown in [11] to enhance the

quality of service in WiMAX system. Pricing is a powerful tool
to regulate the subscribers’ actions in a streaming service [12].
In [13], a pricing approach is proposed to transform the utility
into the immediate revenue with different priorities in layers.
However, most existing SVC multicasting works focus on
the static case, i.e., considering the current snapshot scenario
where the demands from users are given. In practice, the
SVC multicasting system will be highly dynamic in a long
run due to the changes of channel conditions, user demands,
and the reserved resource for the service. In a long-term SVC
multicasting service, the resource allocation should not only
address the current demand but also compensate the loss from
previous transmission failures. Scheduling, which is naturally
considered when we consider an OFDMA system with timefrequency multiplexing [14], need to be expanded from single frame scale to multiple frame scale. One workaround is
using an average window on the objective function to track
the utility of each users in the long-term SVC multicasting
service [15], [16]. When a user experiences transmission failures in previous slots, her degraded utility will be reflected
in the objective function, which leads to a higher priority
in the resource allocation mechanism. The deadline of each
packet can be further addressed by adding the corresponding
weights to the utility of the users in the objective function [15].
Additionally, different scheduling strategies like Max-Sum,
Max-Product, and Round-Robin, can be applied in such an
approach [16]. Despite the average window, a gradient-based
objective function can also be applied to track the changes in
utility and make the corresponding compensation in resource
allocation to users [17]. Nevertheless, most existing works
addressed the compensation in resource allocation to previous
transmission failures, while the potential loss in the future transmissions is not of their concerns. Additionally, they assume
that the number of users and their demands remain static in the
process of SVC multicasting service. This could be a problem
when we consider a dynamic system with users arrival and
departure, which is commonly observed in real world systems.
A stochastic analysis and design on SVC multicasting system
is more desirable in this case, since it helps us to not only
consider the past history of the system performance but also estimate the future outcome of the system. Through the analysis,
we can predict the system performance in a dynamic system
where users arrive and depart stochastically. The analysis can
also help us to estimate the expected long-term utility of users
if they subscribe to certain services. In the literature, there are
works investigating the policy design of stochastic multicasting
system in wired networks [18]. However, to the best of our
knowledge, there is no existing work on the stochastic analysis
on the SVC multicasting system over wireless networks.
In addition, from the service provider’s perspective, the
economic value of a SVC multicasting system may be the most
important factor. A commercial service provider will provide
such a service only when it is beneficial in profits [12]. Taking
into account such a factor, we discuss a subscription-based
economic model with different pricing schemes, where the
selfish nature of rational users is involved. Researchers have
discovered that the rational behaviors of users should be seriously considered in designing any system with users applying
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actions and making decisions [19], [20]. A centralized-control
process designed to optimize the overall system performance
may fail in a user-oriented system since the rational users focus
on their own utilities instead of overall system performance
and therefore may disobey the instructions from the control
process. The selfish behaviors of users may eventually degrade
the system efficiency or service provider’s revenue [12]. Some
incentive designs may be required to regulate the behaviors
of users in order to improve the system efficiency [21]. By
considering rational users’ selfish nature, we propose to use
game theory to analyze how users react under different pricing
schemes.
Game theory has been applied in the multimedia multicast
transmission systems for enhancing the service quality. Peerto-peer cooperative communication, for instance, is proposed
in [22] to enhance the transmission reliability of multi-view
videos. In their proposed system, user who experience packet
loss may recover the packet through the redundant coding
information (RCI) contained in packets for other users. A gametheoretic monetary-based process is implemented to promote
the cooperation among the users. Another relay-based cooperation scheme is proposed in [23], where users form multiple
coalitions for two-hop multicast transmission. The head of
each coalition takes the responsibility to transmit the contents
from central server through multicast to all members of the
coalition. A coalition game is formulated here for analyzing
the system, and a distributed coalition formulation algorithm
is proposed to find the optimal coalition. For non-cooperation
system, the competition for resource is discussed in [24], where
IEEE 802.11-based stations compete for TXOP for their own
video transmissions. Given that each station may have different channel quality and video requirement, it is necessary to
demand all the stations to reveal their true requirements in
order to determine the efficient TXOP allocation. By inducing
the additional transmission cost to each station, a VCG-based
mechanism is proposed to ensure 1) all stations truthfully
reveal their information and requirements, and 2) the optimal
TXOP allocation is guaranteed. Nevertheless, to best of our
knowledge, none of these game-theoretic works address the
SVC multicasting system. Additionally, a stochastic analysis
on the demands from rational users in long-term multimedia
transmission system is also lacking in this area.
C. Contributions
In light of these concerns, we study a dynamic SVC multicasting system with stochastic user arrival and heterogeneous
user demand in this paper. Specifically, we propose a Multidimensional Markov Decision Process (M-MDP) framework
to analyze the optimal load balancing and economic efficient
policies for the dynamic SVC multicasting system. The MMDP framework is a stochastic extension [25], [26] to the
Chinese restaurant game [27], [28], in which the authors investigate how the negative network externality and social learning
influence the decisions of rational users. Network externality
represents the effect of number of users who make the same
decision/action on the utilities of these users. The effect could
be positive or negative, as the utility function is an increasing or
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decreasing function of user amounts, respectively. The network
externality effect also exists in our framework, as the amount of
demands on each video influences the resource allocation and
thus differentiates the quality of services to the users requesting
different videos.
In this paper, we introduce a subscription system to help
the service provider to regulate the subscription requests from
the heterogeneous users. We consider two subscription pricing
schemes: one-time charge and per-slot charge scheme. We
prove that both pricing schemes achieve the same optimal
revenue. In addition, we prove that the complex M-MDP optimization problem can be reduced to the traditional averagereward MDP problem when the optimal pricing strategy is
adopted, and the solution can be effectively derived through the
proposed algorithms.
In summary, our main contributions are shown as follows:
1) We develop a stochastic framework to analyze the resource allocation in a SVC multicasting system with heterogeneous user demands. By considering the stochastic
user arrival, such a framework is more general than the
existing snapshot-based approaches in the literature.
2) We propose a game-theoretic model to analyze the behaviors of heterogeneous users. We study how rational and
intelligent users submit their demands, i.e., subscriptions,
under two pricing schemes: one-time charge scheme and
per-slot charge scheme, and derive the equilibrium conditions of the game. To the best of our knowledge, this
paper is the first work bringing game theoretic analysis to
the SVC multicast system.
3) We theoretically evaluate the economic value of the
SVC multicasting system. Specifically, we investigate
the revenue-maximized policy and pricing strategies in
both one-time charge and per-slot charge schemes, which
are hard to derive due to the coupling effects in both
terms. By proving that the maximum revenue under both
schemes is equivalent under all policies, we transform
the complex M-MDP revenue maximization problem to
a traditional average-reward MDP problem, due to which
we can derive the optimal policy and pricing strategies
in an efficient way. Both theory and simulation results
confirm that the derived solution not only maximizes the
expected revenue but also optimizes the social welfare.
Our previous work [29] includes the basic system model, perslot charge pricing scheme, and a naive algorithm to identify
the optimal pricing strategy. The per-slot charge scheme is
not practical in real system. The convergence of the naive
algorithm is not guaranteed neither. In this paper, we propose
one-time charge pricing scheme as a practical and efficient
pricing scheme for the subscription system. Based on the new
pricing scheme, we transform the original M-MDP problem
into an average-reward MDP problem, and therefore propose a
novel algorithm which identifies the optimal pricing strategy in
a significantly higher speed. The convergence of the proposed
algorithm to the optimal strategy is also guaranteed. Extensive
simulations with real data are also provided in this paper for
evaluating the performance of the proposed algorithm and both
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pricing schemes, comparing with two other traditional pricing
schemes.
The rest of the paper is organized as follows. In Section II,
we describe a general SVC multicasting system where users
have heterogeneous preferences and computation capabilities.
In Section III, we formulate the system as a game-theoretic
M-MDP framework for investigating the rational behaviors
of users under such a subscription-based SVC multicasting
system. Then, the equilibrium conditions of the system are
derived in Section IV, where the expected subscription requests
from users under certain pricing scheme strategies are analyzed.
In Section V, the optimal pricing strategies that maximize the
revenue of the service provider under both pricing schemes are
derived. By applying optimal pricing strategies, we reduce the
complex M-MDP problem into a traditional average MDP problem and derive the revenue-maximized subscription regulation
policy in Section VI. Finally, simulation results are discussed in
Section VII. We draw conclusions in Section VIII.
II. S YSTEM M ODEL
We consider a video multicasting service with one video
server and multiple potential users who arrive and depart
stochastically. The service is offering multiple choices of SVCencoded videos. Given the limited resource (time, bandwidth,
etc.), the service provider needs to determine the video server’s
resource allocation given the current demands for videos. In
addition, the provider also determines the prices of video multicasting services, which is dynamically adjusted.
Users make request for the service when they arrive the system. Their requests are based on their preferences, computation
capabilities, and the price of the service. The objective of the
service provider is maximizing her revenue, while the users
aim to seek for best experience, i.e., highest utility, in the video
multicasting service.
A. Video Server
Let us consider a video server which is capable of serving
at most N subscribers.1 The server provides multiple videos
denoted by J = {1, 2, . . . , J}. Each video is encoded by SVC
into a video stream. An encoded video steam contains K layers.
The server transmits the layers of each video periodically on the
same channel, and all packets of layers are transmitted with the
same interval.
A subscriber can decode a video if she receives at least the
base layer (layer 1), while the quality of the video will be
enhanced if she successfully decodes more subsequent layers.
Let layer k be the k-th layer of the video, we assume that a
subscriber may decode the video up to layer k only when all
layer 1 ∼ k are successfully received. In Fig. 1, we illustrate a
SVC multicasting server with 5 subscribers, while the server is
offering J = 2 videos, each with K = 2 layers.
1 Notice that here we impose a constraint on the number of subscribers to
simplify the analysis. It is also feasible to apply the subscriber limitations
based on the amount of consumed/required resource. In such a case, different
boundary conditions will apply in the proposed model, while the main structure
and results of the proposed model will be unaffected.

The reception of the layer is determined by two factors:
the supported modulation and coding scheme (MCS) at the
subscriber side and the MCS applied on the layer at the video
server side. On the subscriber side, let gi ∈ G be the maximum
MCS supported by subscriber i, where G is the universe set of
the MCSs. In this paper, we assume that the channel quality gi is
a random variable with a common probability density function
f (g). We consider a slotted time wireless system where the slot
time Ts is equal to the coherence time of the channel quality.
Additionally, the channel distribution we considered is the prior
estimation on the channel quality of average users within the
service area. We believe that it is reasonable to assume that
the service provider has collected such information in advance
since the service provider must predict the potential service
quality in advance so they can estimate the profitability of the
service before deploying it.
On the video server side, the video server needs to determine
the MCS applied on each layer of each video. Let g j,k be the
MCS applied on layer k of video j. When the layer k of video
j’s data stream is transmitted with the MCS g j,k , all users with
channel quality gi ≥ g j,k can receive this stream.
The applied MCS g j,k determines the required resource
(transmission time) to transmit the layer. We denote C j,k (g j,k )
as the required resource to transmit layer k of video j to users
with MCS g j,k . The C j,k (g j,k ) should be a decreasing function
of g j.k since a layer can be transmitted in a shorter time if
a higher-level MCS with higher throughput is applied. The
video server may choose to stop transmitting layer k. We define
C j,k (gc ) ≡ 0. The gc represents the case that the transmission
of this layer is disabled and therefore no users can receive this
layer. Finally, let Ctotal be the total available resource, which
is the total transmission time in our system. As the overall
resource is limited to Ctotal , we have a firm constraint that
Ctotal ≥ ∑ j,k C j,k (g j,k ).
Notice that this formulation can be used to capture the
rate and delay constraints of specific video streams. Let the
resource C be the transmission time in the system in a period.
In such a setting, the required transmission time for layer k
of video j in each period should be the number of bits in
each period divided by the supported transmission rate under
the applied MCS g j,k . When the required transmission time
is larger than the delay requirement of video j, the video
quality will becomes unacceptable. In such a case, the required
resource can be defined as infinity at these channel qualities to
indicate that the targeting video quality can never meet under
these channel qualities. Specifically, let ḡ be the minimum
required MCS for layer k of video j to meet the delay constraint,
we have C j,k (gj,k ) = ∞ if gj,k < ḡ. Through this formulation, we
capture the rate and delay constraints in our framework.
Notice that the resource should be dynamically allocated
according to the current realization of users’ channel qualities
in order to maximize the delivery efficiency. Let s = {nsj,k } be
the current system state, where nsj,k be the number of users
requesting video j’s layer k stream. The state s represents
the current loading of the video server. Then, we denote the
dynamic resource allocation rule as D(s) = {g j,k |∀ j, k}. The
allocation rule takes the current system state s as input and
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outputs the corresponding MCS for each layer. The D(s) may
be implemented with different objectives, such as efficiency
maximization or fairness constraints. In a utility-based system
[2], [5], a common and reasonable choice of D is the overall
utility maximization, that is,
 

D(s) = arg max E ui {g j,k }
g j,k

(1)

under the resource constraint Ctotal ≥ ∑ j,k C j,k (g j,k ), where ui
is the utility of user i. In a wireless system with finite choices
of the lowest channel quality, e.g., limited choices of MCS
in WiMAX, this problem has been shown to be NP-hard [2].
Therefore, heuristic approaches are required and can be found
in the literature [1], [2], [5], [7], [8].

B. User Valuation
In our system, users with different preferences arrive stochastically. In general, there are some users who have strong
preference on a certain type of videos, e.g., sport fans always
subscribe to the sport news channels. On the other hand, there
are also some users that may not have a strong preference on
the type of videos. They can enjoy all videos they successfully
receive and decode.
Users with similar preferences usually have similar valuations on video content and quality. However, their devices may
have different capabilities in receiving and decoding the videos.
For instance, users who prefer the sport news may subscribe to
the same channels, but some of them are only equipped with
mobile phones. With such a limited capability device, only base
layer can be decoded and displayed correctly. Therefore, users’
abilities to have better video quality is limited.
We model all the aforementioned properties with the following notations. Users are categorized into types, which is denoted
by t ∈ {1, 2, .., , T } = T . A type t = (J t , kt ) user prefers videos
jt ∈ J t and is equipped with a device capable of decoding the
SVC-encoded video up to layer kt . We denote the valuation
function on video j ∈ J with maximum decoded layer k as
v j (k). The valuation function represents the amount of utility
the user gains if she decodes the video correctly in this slot.
Then, a type t user’s valuation on video j with maximum
consecutively received layer k is denoted as
⎧
⎨ v j (k), j ∈ J t , k ≤ kt ;
t
v ( j, k) = v j (kt ), j ∈ J t , k > kt ;
⎩
0,
else.

(2)

Note that a user has positive valuations on the service only
if she receives and decodes her preferred video jt ∈ J t successfully. Finally, we assume users with different types arrive
independently. We describe the arrival process of type t users
with a Poisson process with the average arrival rate λ̄t . Notice
that the popularity of a video can be characterized by the arrival
rate of the corresponding user type which prefers such a video.
A higher arrival rate of a specific type of users means a higher
popularity of the video these users preferred.

Additionally, a user may leave the system at any time. We
assume the time period of a user staying in the system is an
exponential process with the average departure rate µ̄.
C. Payment System
We consider a subscription-based payment system as the
revenue source of the service provider. We assume that the
video service is private and all transmissions are encrypted.
Therefore, users who enter the system should subscribe to one
of the videos in order to correctly decrypt the corresponding
data streams. A subscription contains two terms: the subscribed
video j and the desired maximum layer k. When a subscription
is accepted by the video server, the decryption keys of video
j’s layer 1 ∼ k streams are delivered to the user. However,
the reception of these streams is not guaranteed due to the
randomness of the channel quality gi , which is characterized
by f (gi ). We assume the channel qualities of all users are
independent from each other and among time slots.
The price for a subscription, which is determined by the service provider, should be properly chosen in order to maximize
its expected revenue. We model it as a function of the state
s = (ns1,1 , ns1,2 , . . . , nsJ,K ). In this paper, two pricing schemes are
considered.
1) One-time charge: when a user arrives the system in state
s, a payment Pej,k (s) is charged as soon as the user’s
subscription ( j, k) is accepted, and no further payments
are required. In this pricing scheme, the s denotes the
system state when the user arrives at the system.
2) Per-slot charge: At each time slot, as long as the user
stays in the system with a valid subscription, she is
continuously charged with an payment of Pj,k (s), where
state s is the system state at that time slot. Notice that the
price depends on the current state s, which may change
over time.
Additionally, the subscription is canceled immediately when
the user leaves the system, which is described by the departure
process we mentioned in previous section.
III. G AME T HEORETIC F ORMULATION
In our model, we assume that users are rational and thus
naturally selfish. Therefore, we need to consider users’ selfish
behaviors when evaluating and designing the pricing strategies,
and game theory is powerful tool that analyzes the strategic
interactions among selfish decision makers [20].
We consider a subscription game where the players are the
subscribers and the service provider. The service provider determines the service price, {Pej,k (s)} for one-time charge scheme
or {Pj,k (s)} for per-slot charge scheme, at the beginning of the
game. Subscribers then submit their requests according to the
prices when they arrive the system. Notice that each subscriber
may arrive at different time given that this is a stochastic
system.
The objective of the service provider is to maximize the
expected revenue in the system. Notice that users are rational
and desire to maximize their own utility given the prices
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determined by the service provider. As a result, the service
provider needs to carefully determine the pricing strategy by
taking into account the response of selfish users.
A user’s objective is to maximize her own utility by choosing
the best subscription. As described in Section II, users arrive
stochastically. When a type t user arrives, she determines
whether to subscribe to a specific video at certain layers. To
subscribe, the user sends a subscription request to the server.
She will receive the corresponding data streams if the server
accepts the request. Note that since the system state and the
channel quality are changing over time, the service quality is
dynamic.
Although users only make decisions (choose the video/
layers) at the time they arrive. The key point for them to choose
proper subscriptions is to calculate the expected utility given
their initial states and choices on the video/layers. Nevertheless, the system we consider involves multiple subscribers,
who may arrive and depart at different time. The choices of
later subscribers on the video/layers will influence the system
loading, change the resource allocation, and therefore affect
the video reception quality experienced by early subscribers.
Additionally, their decisions not only change the server loading
at that moment they arrive but also the transition of the system
state. It becomes necessary for a rational subscriber to predict
how other subscribers in the future will choose the video/layers
in order to make correct estimations on the expected utility.
The expected utility of the user with subscription ( j, k) is
conditioned on the system state s when she arrives. Let the
system state at time slot l be sl , and let the realized channel
quality be gli . A type t user with a valid subscription ( j, k) has an
l

l

immediate valuation on the service, vt ( j, k ), where k (gli ) ≤ k is
the maximum successfully decoded layer at current time slot l.
Notice that the reception of layer k depends on the realized
channel quality gli and the MCS glj,k applied on the stream at
that slot. Additionally, SVC can only be incrementally decoded.
Therefore, we have
 
l
max
k gli = arg
k
(3)
k ≤k,∀k <k ,glj,k ≤gli

In addition, there is a cost of using the service, which is
the charged payment determined by the pricing scheme. Given
the state and costs, the expected utility of a type t user under
subscription ( j, k) is
E ut ( j, k)|s = −c(s, j, k, 0)
⎤
⎡ ⎛

ld


   
l

+ E⎣ ∑ ⎝ ∑ vt j, k gli f gli − c(sl , j, k, 1) sla = s⎦ ,

l
l=l
a

gi ∈G

(4)
l

where k is given by (3), c(s, j, k, e) is a common pricing function depending on the pricing scheme, s is the state when the
user arrives the system, and la and ld are the user’s arrival and
departure time indices, respectively. Specifically, c(s, j, k, 0) is
the entrance fee to request a subscription ( j, k) before using the
service, which will be zero under the per-slot charge scheme.
The c(s, j, k, 1) is the per-slot charge when the user is in the

system, which will be zero under the one-time charge scheme.
A rational user will choose the subscription that maximizes (4)
when arriving at the system.
IV. E QUILIBRIUM C ONDITIONS
Nash equilibrium is a solution concept for predicting the
outcomes of a game with the assumption that all players are
fully-rational. Nash equilibrium describes an action profile,
where each player’s action is the best response to other players’ actions in the profile. Since all players apply their best
responses, none of them has the incentive to deviate from their
actions described in the profile.
The Nash equilibrium of the proposed video subscription
game can be analyzed through the following procedures.
We first model the selfish users’ behaviors through a multidimensional Markov decision process by fixing the pricing
function c(·). The steady state and the expected utilities can
then be calculated, and therefore the users’ equilibrium conditions can be derived. With the equilibrium conditions of
users, we then derive the equilibrium conditions for the service
provider to maximize the revenue.
A. Users’ Behavior Modeling Using Multi-Dimensional
Markov Decision Process
The video subscription game, when the pricing function c(·)
is given, can be formulated as a multi-dimensional Markov
decision process (M-MDP) [26]. A Markov decision process
describes a stochastic system where the transition between
states is partially or fully determined by a decision maker
[30]. The objective of the decision maker, the subscriber in
our model, is to maximize her expected reward. In a traditional
MDP, there is only one decision maker and the optimal solution
that maximizes the unique expected reward can be found using
dynamic programming [30]. However, since there are multiple
decision makers with their own utility functions in our game,
the traditional MDP cannot be directly applied here. On the
contrary, in M-MDP we have multiple decision makers, each
with different sets of actions to choose from. The actions applied by one decision maker may influence the expected utility
of other decision makers, and therefore alter their willingness
to choose certain actions.
In the proposed M-MDP framework, we consider a discretetime Markov system where each time slot has a duration of
Ts . The arrival and departure probability of each type t of
subscribers can be approximate to λt = λ̄t Ts and µ = µ̄Ts ,
respectively, when Ts is sufficient small and therefore it is
very unlikely to have more than two subscribers arrive at the
same time slot. The system state is s = (nsj,k | j ∈ {1 . . . J}, k ∈
{1 . . . K}) ∈ S , where nsj,k denotes the number of users subscribing video j with maximum subscribed layer k. The server can
serve up to N users, therefore we have the boundary constraints
∑ j,k nsj,k ≤ N on the states.
The action of a user is the subscription request a = ( j, k).
Different types of users may have different action space due to
the limitation in computation capability and their preferences.

The action space of a type t user is A t = J t × K t {(0, 0)},
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where (0,0) represents that she does not subscribe to any video
and leaves the system immediately. Note that users will not
subscribe the unpreferred videos since their valuations on those
videos are zero. We denote V ( j, k) ≡ v j (k) to describe any
subscriber’s valuation on the video if she indeed submits a
request ( j, k) and receive the video at this slot. Therefore, after
taking the action a = ( j, k), the user can obtain an immediate
reward as follows:
R(s, j, k) = E [U( j, k)|s] = V j,k (s) − c(s, j, k, 1),

(5)

where U( j, k) is the common utility function of any subscriber
in the system if she indeed requests for ( j, k). In general, the
immediate reward is the expected valuation of the successfully
decoded video V j,k (s) minus the subscription payment, which
happens to be the expected utility of a type t user with subscription ( j ∈ J t , k) in state s. For the case that ( j, k) = (0, 0),
we let R(s, 0, 0) = 0, ∀s.
Policy is an important concept in Markov decision process.
A policy is an action profile which describes a decision of the
decision maker at a certain state in the stochastic system. In our
model, a policy is denoted as a function π(s,t) : S × T → A t ,
which describes the subscription decision of type t user when
she arrives in state s.
In M-MDP, multi-dimensional Bellman equations are necessary to understand the expected utilities of all possible decision
makers, given their types and states. That is, the Bellman
equations help a decision maker to know what the expected
utility is when certain actions (by herself and other decision
makers) described in a given policy apply to the stochastic
system. In addition, each rational decision maker will choose
the action that maximizes her expected utility given her type
and state, which is described by the optimal policy equations.
It should be noted that although it may be intuitive for a
decision maker to choose the optimal action given the currently
predicted policy, other decision maker’s choices on the action
might change accordingly, alter the policy, and therefore change
the expected utility given by the multi-dimensional Bellman
equations. Therefore, both bellman equations and policy should
be balanced in order to reach the equilibrium state.

A rational user will make the decision to maximize the
expected reward defined as follows:
W (s, j, k) = E

∞

∑ (1 − µ)


l−l e

W (s, j, k)=R(s, j, k) + (1−µ) ∑ Pr(s |s, π, j, k)W (s , j, k), (7)
where Pr(s |s, π, j, k) denotes the transition probability from s
to s when the user takes the action ( j, k) under the policy π.
Notice that this transition probability is conditioned on the fact
that she is not leaving the system at next time slot. Otherwise
she will not receive the rewards from next time slot. Let e j,k be
a standard basis vector. Then, the transition probability of a user
with a subscription ( j, k) is as follows:
Pr(s |s, π, j, k)
⎧
∑t∈T,s =s+eπ(s,t) λt ,
⎪
⎪
⎪
⎪
⎪
⎪


⎪
⎪
⎪
⎪
nsj ,k µ,
⎪
⎨

s − 1 µ,
=
n
j,k
⎪
⎪
⎪
⎪
⎪
1
−
µ (N(s) − 1) − λ(s, π),
⎪
⎪
⎪
⎪
⎪
⎪
⎩ 1 − µN(s) − λ(s, π),
0,

∃t ∈ T, s = s + eπ(s,t)
and π(s,t) = (0, 0);
s = s − e j ,k ;


s = s − e j,k , nsj,k = 0;


s = s , nsj,k = 0;


s = s , nsj,k = 0
else.

(8)
where N(s) = ∑ j,k nsj,k and λ(s, π) = ∑t∈T 1(π(s,t) = (0, 0))λt .
Since users are assumed to be rational, a type t user should
choose the subscription that maximizes her expected utility
when she arrives at the system. Recalling that c(s, j, k, 0) is the
initial subscription fee for ( j, k), which will be zero under the
per-slot charge scheme and non-negative under the one-time
charge scheme, the optimal policy under the expected reward
W (s, j, k) is given by
π(s,t) ∈ arg max W (s + e j,k , j, k) − c(s, j, k, 0),
( j,k)∈A t

(9)

Notice that when the server is full, new users cannot enter, i.e.,
∀N(s) = N, π(s,t) = (0, 0), ∀t ∈ T .
The Nash equilibrium is achieved when (7) and (9) are satisfied, which are denoted as the equilibrium conditions. When the
equilibrium conditions are met, each type of users has chosen
the subscription that maximizes the expected utility. Therefore,
they have no incentive to deviate.
C. Average Revenue Maximization for Service Provider

B. Expected Reward Under Transition Probability



the steady state, the Bellman equation of the expected reward
can be written as follows:

R(sl , j, k)|s ,

(6)

l=l e

where µ is the departure rate, and thus 1 − µ is the probability
that the user will stay at next time slot. Therefore, a user who
enters the system at slot l e will receive the reward at slot l if and
only if he stays in the system for subsequent l − l e slots, which
happens with the probability (1 − µ)(l − l e ). Note that 1 − µ can
also be considered as the discount factor of the future utility. In

The objective of the service provider is to maximize her revenue in the system under the rational response of subscribers.
Let π and W be the policy and expected rewards derived in (7)
and (9) under the pricing function c(·). Then, let Q(s) be the
expected revenue in state s. The best response of the service
provider is the solution to the following optimization problem:


L
1
l
(10)
max lim E ∑ Q(s ) ,
c(·) L→∞ L
l=1
under the constraints


W ∗ s + eπ∗ (s,t) , π∗ (s,t) − c(s, j, k, 0) ≥ 0, ∀s,t
where π∗ and W ∗ satisfy (7) and (9).

(11)
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Since the server can serve at most N users, we have N(s) ≤
N for all s. When N(s) = N, all requests will be rejected,
which leads to zero revenue. When N(s) < N, the revenue
maximization problem can be written as follows:

∑

e
λt Pπ(s,t)
(s),
 max  Pr(s|π)
Pej,k (s)
t∈T ,π(s,t)=(0,0)

(13)

under the constraint in (7) and (9). We first relax the constraint
set by letting all subscribers derive non-negative expected rewards if they follow the policy π(s,t) and ignore (9). We then
have the following relaxed constraint set


e
(s) ≥ 0, ∀s,t.
(14)
W s + eπ(s,t) , π∗ (s,t) − Pπ(s,t)

Fig. 2. An illustration of state transition in the proposed M-MDP system.

Note that the state transition probability in this problem is
different from the one observed by users in (8). It should be:
Pr(s |s, π) =
⎧
∑t∈T,s =s+eπ(s,t) λt ,
⎪
⎪
⎪
⎪
⎪
⎨ 
nsj,k µ,
⎪
⎪
⎪
⎪
1 − N(s)µ − λ(s, π),
⎪
⎩
0,

∃t ∈ T, s = s + eπ(s,t)
and π(s,t) = (0, 0);
s = s − e j,k ;

(12)

s ;

s=
else.

An illustration of the state transition is shown in Fig. 2.
With primal-dual transformation [30], the expected average
revenue can be given as ∑s∈S Pr(s|π)Q(s), where Pr(s|π) is the
stationary distribution of the states under policy π.

Clearly, the solution to the relaxed optimization problem
e
(s) = W (s + eπ(s,t) , π∗ (s,t)). By applying the
is ∀t ∈ T , Pπ(s,t)
solution to all s ∈ S , we have the optimal pricing strategy for
the relaxed problem:


e
(s) = W s + eπ(s,t) , π∗ (s,t) .
(15)
∀s,t, N(s) < N, Pπ(s,t)
Then, we derive the following theorem.
Theorem 1: A policy π(s, j) with the pricing strategy
Pej,k (s) = W (s + e j,k , j, k) ∀s, N(s) < N, j ∈ J , k ∈ K satisfies
(9) for all s ∈ S .
Proof: Notice that the expected utility from a subscription
( j, k), which is W (s + e j,k , j, k) − Pej,k (s), becomes zero under
every state, every type, and every subscription when Pej,k (s) =
W (s + e j,k , j, k) ∀s, N(s) < N, j ∈ J , k ∈ K . Therefore, the (9)
is always satisfied.

From Theorem 1, we can see that there is always a solution
to the optimization problem in (13) and the solution can be
described as
Pej,k (s) = W (s + e j,k , j, k),

∀s ∈ S , N(s) < N.

(16)

V. O PTIMAL P RICING S TRATEGIES
In this section, we would like to discuss the optimal pricing
strategy that maximizes the expected revenue under a given
policy while satisfying the user equilibrium conditions in (7)
and (9). Since the policy is given and fixed, the optimization
problem is simplified. This helps us to have an initial understanding on how the service provider should determine the
price in order to maximize its expected revenue given a known
pattern of the requests from users and constraints from the
corresponding equilibrium conditions.
A. Optimal Pricing in One-Time Charge Scheme
In one-time charge scheme, a user is charged with a statedependent subscription fee Pej,k (s) when her subscription ( j, k)
is accepted, and no further payments are required. Therefore,
we have c(s, j, k, 1) = 0 and c(s, j, k, 0) = Pej,k (s) ≥ 0 for all s,
j, k. Let W (s, j, k) be the expected reward derived by solving (7)
through dynamic programming or matrix operations. Since the
policy π is fixed, the transition probability is fixed. Therefore,
the original revenue optimization problem can be solved in a
state-wise way.

B. Optimal Pricing in Per-Slot Charge Scheme
In per-slot charge scheme, a user is charged with a statedependent Pj,k (s) at each slot she stays, and no entrance fee
is required. Therefore, we have c(s, j, k, 1) = Pj,k (s) ≥ 0 and
c(s, j, k, 0) = 0 for all s, j, k. We would like to derive the optimal
pricing strategy under the constraints in (9).
Let Pr(s|π) be the stationary probability that the system is
in state s under policy π. Since the policy π is fixed, the transition probability is fixed. The revenue maximization problem
becomes
max ∑ Pr(s|π) ∑ nsj,k Pj,k (s)
{Pj,k (s)} s∈S
j∈J ,k∈K

(17)

under the constraints in (9).
Let R j,k , W j,k , V j,k , and P j,k be the 1−by−|S | matrix representation of R(s, j, k), W (s, j, k) V j,k (s), and Pj,k (s) over S .
Then, let L (π) be the state transition probability matrix under
policy π, which is a |S |−by−|S | matrix with terms Pr(s |s, π)
over S . From (5) and (7), we have
(I − (1 − µ)L (π)) W j,k = R j,k = V j,k − P j,k ,

∀ j, k
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Therefore, the constraints in (9) can be re-written as
(I − (1 − µ)L (π))−1 (V j,k − P j,k ) = W j,k , ∀ j, k


W s + eπ(s,t) , π(s,t) ≥ 0, ∀π(s,t) = (0, 0)


W s + eπ(s,t) ), π(s,t) −W (s + e j,k , j, k) ≥ 0,

(18)

∀π(s,t) = (0, 0), ( j, k) ∈ A t


W s + eπ(s,t) , π(s,t) ≤ 0,

(20)

∀π(s,t) = (0, 0), ( j, k) ∈ A t

(21)

(19)

which is a set of linear constraints over P = {Pj,k (s)|s ∈ S , j ∈
J , k ∈ K }. Therefore, the original maximization problem is
equivalent to the following linear programming problem:
max ∑ Pr(s|π)
P s∈S

∑

nsj,k Pj,k (s)

(22)

j∈J ,k∈K

with the constraints in (18)–(21), which can be solved by
standard linear programming methods.
VI. R EVENUE -M AXIMIZED P OLICY
Finding revenue-maximized policy is challenging since the
policy, revenue function and the pricing strategy couple together as discussed in previous sections. In such a case, the
traditional MDP solvers cannot be directly applied for the
revenue-maximization MDP problem. Therefore, there is a
need for a more efficient approach. In this section, we will first
prove that the maximum revenue under both pricing schemes is
equal for any given policy. Then, we will show that there exists
an optimal pricing strategy in per-slot charge scheme which
always satisfies the equilibrium conditions while maximizing
the expected revenue. Moreover, such an optimal pricing strategy makes the per-state revenue independent from the policy.
In such a case, we can reduce the original complex revenue
maximization problem to a traditional average-reward MDP
problem that can be solved efficiently.
A. Revenue-Maximization Problem
In this subsection, we discuss how to formulate the revenuemaximization problem. We will use the one-time charge
scheme for illustration. The per-slot charge scheme can be
formulated in a similar way. From (16), we can see that the
optimal price is equal to users’ expected reward, which means
that the revenue is maximized when the expected rewards are
maximized. Let L (π) be the state transition matrix and Q∗ (s, π)
be the revenue over states, which is

∑

Q∗ (s, π) =

(23)

where W (s, j, k) satisfies (7). Then, the revenue optimization
problem becomes

π

B. Equality in Optimal Revenue and Policy
Here we state one of our main results in the revenue optimization problem.
Theorem 2: Let Revone,∗ and Rev per,∗ be the optimal revenue
of the proposed system under one-time charge and per-slot
charge schemes. Then, Revone,∗ = Rev per,∗ .
Proof: The proof contains two parts. In the first part, we
prove that given any pricing strategy under the one-time charge
scheme with a given policy π, we can always find a feasible
solution under the per-slot charge scheme reaching the same
revenue. In the second part, we prove vice versa. When these
two directions hold for any policy, we can conclude that the
optimal revenue under per-slot charge scheme is never larger
or lower than under the one-time charge scheme and therefore
Revone,∗ = Rev per,∗ .
Part I: Let {Pej,k (s)} be the optimal solution to the one-time
charge price optimization problem in (13), with the expected
revenue as Revone,∗ . From (16), we have


e
Pπ(s,t)
(s) = W one s + eπ(s,t) , π(s,t) , ∀π(s,t) = (0, 0).
Then we construct the per-slot charge prices that reaches the
same revenue. Let Pj,k (s) = V j,k (s), ∀s, j, k be the constructed
per-slot charge price, where P  is its matrix form. With such
a price, we have the immediate reward R per (s, j, k) = V j,k (s) −
Pj,k (s) = 0 and therefore the expected reward of per-slot charge
scheme W per (s, j, k) = 0, which satisfies (7) and (9) under
any given policy. Moreover, as W per is a linear transform of
R per (s, j, k) = V j,k (s) − Pj,k (s), there exists a transform matrix A(π) with the expected reward matrix of per-slot charge
scheme W per = A(π)R per = A(π)V − A(π)P  = 0. Notice that
since the expected reward matrix of one-time charge scheme
W one is also a linear transform of V with the same transform matrix A(π), we have W one = A(π)V , which leads to
W one = A(π)P  .
The expected total payment by a user with subscription ( j, k)
under the per-slot charge scheme can be written using Bellman
equation as follows:
Rev j,k (s) = Pj,k (s) + (1 − µ)
per

λt W (s + eπ(s,t) , π(s,t)),

t∈T ,π(s,t)=(0,0)

1 L
∑ L (π)l−1 Q∗ (s0 , π),
L→∞ L
l=1

max lim

which is a Markov decision process concerning the average
expected reward. Unfortunately, the immediate reward V ∗ depends on the policy π, due to which, the linear programming
or the traditional iteration-based algorithms cannot be directly
applied here. A dynamic approach may be applied by iteratively
updating the V ∗ and π. However, the convergence cannot be
guaranteed.

(24)

per
Pr(s |s, π)Rev j,k (s )
∑


(25)

s ∈S

total,per

Let E per be the matrix form of Pj,k
(s). The solution E per
to the above Bellman equation function is E per = A(π)P  =
W one . Finally, a type t user that arrives in state s submits the
subscription π(s,t) to the system. The per-slot charge payment
starts as soon as she enters the system, where the state becomes
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s + eπ(s,t) . Therefore, the expected revenue generated from the
type t user with Pj,k (s) is



per,t
per 
Revπ(s,t) = Revπ(s,t) s+eπ(s,t) =W one s+eπ(s,t) , π(s,t) ,

(26)

which is exactly the same as the optimal one-time charge price
Pej,k (s). Therefore, the expected revenue Rev per under the perslot charge scheme with price {Pj,k (s) = V j,k (s)} should be
equal to the one under the one-time charge scheme with price
{Pej,k (s)}. As a result, Rev per,∗ ≥ Rev per = Revone,∗ .
Part II: Let {Pj,k (s)} be a feasible solution to the per-slot
charge pricing optimization problem in (22) and P is its matrix
form. Since it is a feasible solution, it should satisfy (18)–(21).
Recalling the Bellman equation in (25) and let E per,t be the
matrix form of the expected revenue generated by a type t user
under the per-slot charge price {Pj,k (s)} and P be {Pj,k (s)}’s
matrix form, we have E per = A(π)P . In addition, the expected
per
reward W j,k (s) in matrix form is

W per = A(π)R per = A(π)V − A(π)P = W one − E per . (27)
per,t

Recalling Revπ(s,t) be the expected revenue generated from
the type t user under π and state s. According to the above
per,t
per
discussion and (19), we have Revπ(s,t) = Revπ(s,t) ≤ W one (s +
eπ(s,t) , π(s,t)), ∀π(s,t) = (0, 0), which means that the expected
revenue from user t is bounded by W one (s + eπ(s,t) , π(s,t)).
Therefore, the expected overall revenue is
Rev per = Pr(s|π) ∑ λt Revπ(s,t)
per,t

t∈T



≤ Pr(s|π) ∑ λt W one s + eπ(s,t) , π(s,t)
t∈T

≤ Rev

one,∗

.

(28)

The last inequality comes from the fact that Revone,∗ is the
optimal revenue under one-time charge scheme. Therefore, we
have Revone,∗ ≥ Rev per for all feasible {Pj,k (s)}, which means
Revone,∗ ≥ Rev per,∗ . Combining the results in Part I and II, we

conclude that Revone,∗ = Rev per,∗ .
From Theorem 2, we can see that both pricing schemes have
the same maximum expected revenue when the optimal pricing
strategies are applied. In other words, these two schemes are
equivalent in terms of revenue optimization. Moreover, in the
Part I of the proof, we observe that a simple pricing strategy
under the per-slot charge scheme leads to optimal under the
one-time charge scheme, which is
P∗j,k (s) = V j,k (s), ∀s ∈ S , j ∈ J , k ∈ K .

(29)

Since the revenue under such a pricing strategy reaches the
same optimal value of the one-time charge scheme, it is also the
optimal solution to the per-slot charge scheme. Such a pricing
strategy is very useful since the price and per-state revenue is
now independent from the policy. The optimal policy can then
be derived by formulating the problem as a traditional averagereward MDP with V (s) = ∑ j,k nsj,k P∗j,k (s) as its immediate
reward.

C. Algorithm for Finding Revenue-Maximized Policy
In Algorithm 1, we propose a value iteration method to find
the ε-optimal solution. Since both pricing schemes share the
same optimal revenue under the same policy, the policy found
through Algorithm 1 is optimal under both pricing schemes.
Algorithm 1 Value Iteration for Revenue-Maximization
Solution
1: Initialize πo , W v,o
2: while 1 do
3: for all s ∈ S do
←
arg maxπ(s) {V (s)
4:
πn
∑s ∈S Pr(s |s, π(s))W v,o (s )}}
5:
W v,n (s) ← V (s) + ∑s ∈S Pr(s |s, πn )W v,o (s )
6: end for
7: W v,d ← W v,n −W v,o
8: if maxW v,d − minW v,d < ε then
9:
Break
10: else
11:
W v,o ← W v,n
12: end if
13: end while
14: Output πn and W v,n

+

The convergence and optimality of such an pseudopolynomial algorithm is guaranteed as shown in [30].
Social welfare, which is a common measurement of the
system efficiency in game theory [20], is the sum of all utilities
of the players. Given that the utility of the service provider is
exactly the payment from the users, the social welfare of the
proposed framework is equal to the total valuation of users
to the service. Notice that under the optimal pricing strategy
P∗j,k (s), the per-state revenue is
V (s) =

∑

j∈J ,k∈K

nsj,k P∗j,k (s) =

∑

V j,k (s),

(30)

j∈J ,k∈K

which is the overall user’s valuation on the system, i.e., social
welfare, in state s. Therefore, the solution to the revenuemaximization problem also maximizes the social welfare of the
system. As a result, we have the following corollary.
Corollary 1: When ε → 0, the revenue-maximized policy
derived in Algorithm 1 is equivalent to a socially-optimal
policy.
Nevertheless, the value-iteration algorithm 1 converges
slowly as ε → 0 since the revenue-optimization problem is
an average-reward MDP system. Next, we will propose an
approximate algorithm based on a discounted MDP model.
D. Policy Iteration γ-Optimal Algorithm
Here we propose a discounted MDP model as an approximation to the average-reward MDP. By modeling the revenueoptimization problem as a discounted MDP system, we propose
an approximate algorithm which converge to the optimal policy
in significantly less rounds.
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We first model the revenue-optimization problem as a
γ-discounted Markov decision process. We introduce γ as a
discounted factor for the service provider on the future revenue,
where 1 > γ > 0. Then, let W γ (s) be the expected total revenue
if the current state is s, then we have


∞
(31)
W γ (s) = ∑ E (1 − γ)l V (sl )|s0 = s ,

TABLE I
T RANSMISSION T HROUGHPUT

l=0

Notice that when γ is close to 0, the expected reward is arbitrarily close to the average expected reward. Given the γ, we
can derive the γ-optimal policy through the following process.
According to the Bellman equation, the expected total revenue
can be written as follows:
W γ (s) = V (s) + (1 − γ)

Pr(s |s, π)W (s ),
∑


TABLE II
U SER S PECIFICATIONS

(32)

s ∈S

where transition probability Pr(s |s, π) is given in (12).
For the optimal policy, the service provider should choose the
action that maximizes its expected total revenue at every state,
which is as follows:


(33)
πγ (s) = arg max ∑ λt W γ s + eπ(s,t) .
π

t∈T

Notice that both (32) and (33) are coupling together. These
two equations describes the optimality conditions of the proposed γ-discounted MDP. As shown in literature [30], the
γ-discounted MDP can be solved by policy iteration algorithm.
We provide such an algorithm in Algorithm 2.
Algorithm 2 Policy Iteration for γ-Optimal Solution
1: Initialize πo
2: while 1 do
3: Solve W n using (32) with π = πo
4: Solve πn using (33) with W = W n
5: if πn = πo then
6:
Break
7: else
8:
πo ← πn
9: end if
10: end while
11: Output πn and W n
Notice that the convergence of Algorithm 2 is guaranteed
as this is a traditional discounted MDP problem with a fixed
discounted factor [30]. In addition, the algorithm terminates in
polynomial time, which is much faster than Algorithm 1. In all
of our simulations, the approximated algorithm converges in
less than ten rounds with the resulting revenue loss less than
1% when the discounted factor γ is 0.01. We provide further
discussions on this through simulations in Section VII.
VII. S IMULATION R ESULTS
We evaluate the efficiency of the proposed approach through
simulations. We consider a SVC multicasting service over a
WiMAX network. The wireless system parameters follow the

WiMAX standard, in which 7 level of MCSs are chosen and
given in Table I [2]. Then, let each MCS’s lowest required
signal to noise and interference ratio (SINR) be quantized to
seven levels G = {1, 2, 3, 4, 5, 6, 7}. A user with the channel
quality g ∈ G can receive data streams transmitted by up to g-th
MCS. In all simulations, we assume g is equally, independently,
and randomly chosen from these seven levels in every time slot.
Then, the transmission time of a specific data stream will be the
function of the channel quality. The reason that we model the
transmission time as a function of the channel quality is due to
the fact that when the channel quality decreases, the supported
MCS and the corresponding data rate decreases, which suggests
a longer transmission time for the same data stream. Let the data
rates offered by the MCSs be b1 ∼ b7 , where the exact values
are given in Table I. A data stream with a bit-rate of B requires
B/bm time to transmit at each slot if MCS m is chosen.
We simulate a SVC multicasting server which provides
two videos, MOBCAL and STOCKHOLM, recorded by SVT
Sveriges Television AB [31]. We use JSVM reference software
[32] to encode each video into a three-layer spatial-scaled
H.264 SVC video stream. The cumulative bit-rates (CBR),
resolutions, quantization parameters (QP), and peak-signal-tonoise-ratio (PSNR) of each encoded video with different layers
can be found in Table III.
The server can serve up to N users, while the total available
service time per second is a ratio between 0% and 100%. There
are four types of users with difference preferences on videos
and different computation capabilities, which are specified in
Table II. The user’s valuations on layers and videos are shown
in Table III. Finally, the user arrival and departure parameters
are set to be 0.04 and 0.01.
The resource allocation rule D , which determines the applied MCS {g j,k } in each state, is maximizing the expected
overall valuation given the current demands of videos and
corresponding layers from the users. The optimal solution is
derived through exhaustive search in the simulations. Notice
that most approach to the snapshot-based optimization problem
in the literature is applicable to our system.
We evaluate the system efficiency through two performance
metrics: average social welfare, which is the total users’ valuations on the service, and average revenue of the proposed
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TABLE III
V IDEO S PECIFICATIONS

SVC multicasting system. For the social welfare performance,
we compare two policies: revenue-maximized policy and free
subscription policy. The revenue-maximized policy is given by
Algorithm 1 with ε = 0.0001. The free subscription policy is
the solution to (7) and (9) without payment, i.e., Pej,k = Pj,k =
0, ∀ j, k. Free subscription represents the case that all users are
free to subscribe any video without any payment. By comparing
these two policies, we can evaluate the efficiency loss when no
pricing scheme is applied.
For the performance of the average revenue, we compare
four pricing schemes: optimal one-time charge pricing, optimal per-slot charge pricing, maximum fixed entrance fee, and
differentiate price. The first two schemes are the proposed
pricing schemes as discussed in Section VI, while the third
one is the pricing scheme with a fixed entrance fee, which
is widely adopted in current video subscription services. In
the simulation, the entrance fee for the maximum fixed entrance fee scheme is chosen as Pe = mins,t,π(s,t)=(0,0) W indv (s +
eπ(s,t) , π(s,t)), where W indv is the expected reward under the
free subscription policy. In the differentiate price scheme, we
provide differentiated price of each layer and each video in the
system. The exact price of a video j up to layer k is determined
by the minimum expected utility a subscriber may receive from
subscribing such a video in free subscription scheme. This
promises that the users still have a non-negative incentive to
subscribe the video under this scheme.
We first study how the server capacity influences the social
welfare and the revenue by adjusting the server capacity N from
4 to 14 while keeping other settings unchanged. The results are
shown in Fig. 3.
From Fig. 3(a), we can see that the proposed revenuemaximized policy achieves higher average social welfare than
the free subscription policy under all server capacities. This
result verifies that there will be an efficiency loss if no pricing
scheme is applied. Notice that under both policies the social
welfare per capacity decreases with the expansion of the server
capacity. This is due to the negative network externality effect
in this system. When the server capacity increases, there will
be more users with different demands simultaneously, which
means more multicasting groups simultaneously. Given the
fixed amount of service time ratio, each multicasting group
receives less service time. This generally impairs all users’
utilities in this system and therefore reduces the social welfare
per user.
From Fig. 3(b), we can see that both optimal per-slot charge
pricing and one-time charge pricing result in the same revenue

Fig. 3. System performance under different server capacity. (a) Social welfare
per user. (b) Revenue per user.

under all scenarios, which verifies our conclusion in Theorem 2.
Moreover, the revenue under both optimal pricing schemes is
significantly higher than the ones under fixed entranced fee and
differentiate price schemes. The later ones lose a large amount
of revenue from users with higher valuations on the service. We
also observe that differentiate price scheme provides a higher
revenue than the fixed-entrance fee scheme since it utilizes the
differentiated interests of subscribers on the videos. A more
popular, high-quality, and high-value video or layer will be
priced with a higher price in the differentiate price scheme.
Still, the achieved revenue is still lower than the ones under
optimal per-slot charge pricing and optimal one-time charge
pricing schemes. Nevertheless, both optimal pricing schemes
have lower revenue per capacity when the server capacity
expands. The negative network externality in this system also
has a negative effect on the revenue.
Then, we investigate how the amount of service time affects
the efficiency of the SVC multicasting system under different
policies. We control the service time ratio in the system from
0% to 100% with other settings unchanged. The simulations
results are shown in Fig. 4.
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with increased service time when the optimal solution in (1) is
applied.
Finally, we evaluate the convergence speed and solution
quality of the proposed γ-optimal approximate algorithm. We
set the maximum number of users as 8 and the service time
ratio as 10% with other settings unchanged. Then, we control
the discounted factor γ in Algorithm 2 from 0.1 to 0.001, and
compare it with the ε-optimal solution derived in Algorithm 1
with ε = 0.00001. The results are in Table IV.
We observe that when the discounted factor γ decreases, the
resulting expected revenue with Algorithm 2 is closer to the optimal one from Algorithm 1. When γ is 0.01, there is only 0.01%
revenue loss from Algorithm 2. When γ decreases to 0.001, the
derived policy is the same as the one from Algorithm 1, and the
expected revenue is equal under both algorithms. In addition,
the convergence round never exceeds 5 under any simulated
γ. In contrasts, Algorithm 1 requires 1080 rounds to converge.
We conclude that the proposed γ-optimal algorithm provides
efficient approximate solutions to the revenue-maximization
problem with much less computational complexity.

VIII. C ONCLUSION AND F UTURE D IRECTIONS

Fig. 4. System performance under different available service time ratio.
(a) Total social welfare. (b) Total revenue.

From Fig. 4(a), we observe that the revenue-maximized
policy always achieves better performance than the free subscription policy. For the performance of the average revenue
shown in Fig. 4(b), we again observe that both optimal pricing
schemes have higher revenue than other two schemes. Notice
that the revenues under fixed entrance fee and differentiate
price schemes do not always increase when the service time
ratio increases. This phenomenon comes from the fact that the
optimal resource allocation problem in (1) is nonlinear. When
the service time increases, it is possible that some streams
eventually get less resource in order to improve the transmission
quality of other streams along with the increased resource under
the optimal allocation. In such a case, the fixed entrance fee
scheme has a lower revenue since the price under this scheme
is constrained by the video stream with lowest expected reward,
which is also the case of differentiate price scheme. Nevertheless, the proposed pricing schemes are resistant to this effect
since the corresponding expected revenues are equal to the
overall social welfare, which is maximized and nondecreasing

In this paper, we proposed a novel framework to study a
general stochastic SVC multicasting system. This framework
supports stochastic user arrival and heterogeneous user preferences. It is compatible to existing resource allocation algorithms in the literature. A subscription-based payment system
was studied in this framework for exploring the economic value
of the system with rational users. The responses of selfish users
under two pricing schemes, one-time charge scheme and perslot charge scheme, were discussed. The equilibrium conditions
were derived as the constraints of the corresponding revenue
optimization problem for the service provider. We theoretically
proved that both pricing schemes reach the same optimal revenue under all policies, and the optimal pricing strategies and
policies which maximize the expected revenue of the system
can be efficiently derived by reducing the M-MDP problem
to a traditional average-reward MDP problem. Moreover, we
showed that the revenue-maximized policy is a socially-optimal
policy, which means that the proposed optimal policy also
maximizes the social welfare.
The resource allocation rule we proposed in (1) is considered
as the expectation on the applied MCS in each data stream
when a state s is given and the channel distribution f (g) is
expected, while the real channel quality is unknown. In the
operating stage, the applied MCSs on each stream should
depend on the real channel quality each subscriber experienced
according to the instantaneous feedback. The original resource
allocation rule in (1) is considered as an approximate rule to the
one applied in the operating stage. A more accurate resource
allocation rule with instantaneous channel quality as input is
also possible by including the lowest channel quality experienced by subscribers in each data stream in the state s. The
corresponding state transition probability should also be refined
according to the channel quality distribution f (g). Nevertheless, such a model will significantly increase the complexity
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TABLE IV
E XPECTED R EVENUE U NDER D IFFERENT D ISCOUNTED FACTOR γ

of the proposed framework and will be difficult to address all
the concerns within the page limitation.
Readers may also notice that the number of states |S| grows
exponentially when the server capacity N grows. This may
bring some concerns on the computation complexity when the
server expands. Nevertheless, there are several approximate
methods we may apply in the proposed model to reduce the
complexity. One method is considering the server loading in
blocks instead of in exact numbers when defining the states.
That is, the server loading range 1 N is segmented into K blocks.
Through this approximation, we reduce the complexity to the
desired degree.
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