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Abstract— Mobile video streaming is fundamental to advanced
applications in the fifth generation (5G) networks. Millimeter
wave (mmWave) communication represents a leading 5G technology, which provides rich bandwidth and, therefore, great potentials for high-quality mobile video streaming. However, mobile
video streaming in mmWave 5G networks faces fundamental
challenges due to mmWave antenna directivity and high user
mobility. As such, users typically have short connection durations
and frequent handoffs, making video streaming suffer from long
handoff delays and connection latency. In this paper, we tackle the
issues by developing a caching-based mmWave framework, which
precaches video contents at the base station for handoff users and
thus significantly reduces the connection and retrieval delays.
As a result, high-mobility users with frequent handoffs can
enjoy continuous high-quality video streaming. Specifically, we
model the proposed system as a cache management problem and
attain optimal video streaming quality by using Markov decision
process to dynamically allocate proper cache memory space of
each base station to mobile users. A cell-by-cell decomposition
method is proposed to solve the dynamic programming problem with significantly reduced computational complexity. Using
extensive simulations, we demonstrate that the proposed solution
can effectively maintain high-quality mobile video streaming for
high-mobility 5G users moving among mmWave small cells with
directional antenna.
Index Terms— Mobile video streaming, proactive caching,
5G, millimeter wave, directional antenna.

I. I NTRODUCTION

M

OBILE data traffic increases dramatically with
the exponential growth in the number of mobile
devices and the emerging high-rate multimedia applications (such as video streaming for mobile gaming and social
networks) [1]–[3]. Future fifth generation (5G) networks need
to be designed to accommodate the overwhelming mobile
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traffic demands [4]. Millimeter wave (mmWave) spectrum
with huge available bandwidth is a promising technology
for 5G networks to satisfy the high capacity demands and
overcome the bandwidth shortage at saturated microwave
spectrum [5], [6]. mmWave communication has severe propagation loss because of the high frequency band [7]. Directional
antenna is adopted for both mobile users and mmWave base
stations to combat the severe propagation loss and achieve
high data rate. Connectivity maintaining by directing antenna
beams towards each other is challenging, especially for highmobility scenarios (such as highway and rail environments).
mmWave base stations are expected to be deployed densely in
small cell (e.g., picocells with range under 100 meters [8]) to
provide high data rates and aggregate capacity [4]. Users with
high mobility would suffer frequent handoffs due to smaller
cell size.
Mobile video streaming is one of the main applications
for 5G networks [9]. Enabling mobile video streaming in
mmWave 5G networks has several challenges in high-mobility
environments. First, due to directional antenna, the connectivity from mmWave base station to mobile user can be available
to deliver video content only if both antennas direct towards
each other. Each mobile user has very short connection time
to the base station considering high user mobility, antenna
directivity, smaller cell size, and the fact that a larger number
of users share the mmWave channel in time division. Second,
with smaller cell size, users with high-mobility have frequent
handoffs and need to frequently re-build the route to remote
video server through different base stations connected to the
core network, which involves heavy communication overheads
and long latency. The delay for re-building the route to deliver
video content has significant impact on the video streaming
quality, such as video frozenness.
In this paper, to provide satisfactory quality for mobile video
streaming requiring high data rate (e.g., uncompressed video
streaming requires mandatory data rate of 1.78/3.56 Gbps
in 5G networks), a proactive caching system is enabled by preloading each user’s video content from the remote video server
and storing the video content in the cache memory of each base
station. A mobile user entering a new cell can immediately
have the available video content, which mitigates the delay on
frequently re-building the route to remote video server. Larger
size of pre-loaded video content for a specific user in the cache
memory can provide better video streaming quality while
including more video delivery cost and occupying more cache
memory space which can be used by other users. Smaller size
of pre-loaded video content might not be sufficient for the
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user to maintain video streaming quality until the next video
content is received. Therefore, how to optimize the size of preloaded video content in each user’s subsequent base station is
an important issue to improve the quality of mobile video
streaming.
The main contributions of this paper are three-fold. First,
a proactive caching system is proposed to allocate proper
amount of cache memory space in each base station to its
associated users to store the pre-loaded video content from
remote server to eliminate the delay effect on mobile video
streaming quality. Second, we formulate the dynamic cache
memory allocation problem in mmWave 5G networks as a
Markov decision process to maximize the video streaming
quality for a number of users moving on the highway covered
by a series of mmWave base stations. Third, an approximated
cell-by-cell decomposition method is proposed to provide a
general and applicable solution to the formulated Markov
decision process.
The remainder of the paper is organized as follows.
Section II describes the related works. Mobile video streaming
system architecture and directional communication model are
presented in Section III. The problem is defined in Section IV.
In Section V, the problem is formulated as a Markov decision
process. A cell-by-cell decomposition method is proposed in
Section VI. Section VII presents the numerical results. Finally,
conclusions are given in Section VIII.
II. R ELATED W ORKS
Quality provisioning for video streaming has been intensively studied in wireless networks, subject to wireless bandwidth limitation and wireless channel fluctuation [10]–[21].
One category of research focuses on efficient bandwidth
utilization to provide the required quality of service (QoS) of
video streaming [10]–[13]. In [10], an economic model is used
to allocate radio resource between cellular network and wireless local area network (WLAN), aiming to optimize the total
welfare of the heterogeneous networks. A practical resource
allocation scheme [11] is proposed in a distributed manner for
mobile users with multi-homing capability, to support video
streaming requiring constant bit rate. In [12], a joint adaptation, resource allocation, and scheduling algorithm is proposed
to allocate network resources and make transmission schedule,
based on the required QoS of video streaming for each user.
The proposed algorithm can achieve near full utilization of
network resources while satisfying the delay requirement of
all video frames. A delay-aware resource allocation (DARA)
approach in [13] can compute optimal time slot allocation
policy by maximizing the deadline-abiding delivery of all
senders. The proposed DARA approach yields a non-stationary
slot allocation policy depending on the allocation of previous
slots.
The second category of research mitigates the wireless channel fluctuation effect on video streaming quality by buffering
a certain amount of video data at end user [14]–[17]. In [14],
the impacts of wireless channel dynamics on video streaming
quality is analytically investigated by modeling the receiver
buffer with G/G/1/M queue and G/G/1/N queue. In [15],

mobile video applications (e.g., Youtube) periodically download video data aggressively into end user’s buffer without
considering buffer status and network resource availability,
in order to reduce video frozenness. An intelligent costaware buffer management strategy for mobile video streaming
applications is proposed in [16] to minimize the cost resulting
from un-consumed video data while respecting certain quality of experience (QoE) requirements. Literature [17] jointly
considers the bandwidth allocation and buffer management at
the mobile user to dynamically charge/discharge the buffer to
optimize video streaming quality.
Proactive caching is another category of approaches to
achieve quality provisioning on mobile video streaming, by
fetching and storing video content in the cache memory of
base stations proactively [18]–[21]. Proactive caching can
effectively improve network performance in terms of peak
hour capacity and content delivery delay [18], [20]. In [19], a
proactive paradigm for 5G is proposed to track and build users’
demand profiles which are used to predict future transmission
requests for proactive caching at the base stations. In [21],
a proactive seeding technique is proposed to minimize the
network peak load by proactively pushing content to selected
users before they actually request it in online social networks.
Most of the existing works on proactive caching concentrate
on how to predict the most popular contents of the users
based on the traffic history, without considering the efficiency
of proactive caching and how to allocate the cache memory
spaces for different users to optimize mobile video streaming
quality. In this paper, proactive caching is adopted to distribute
video content from remote video server to the candidate base
station ahead of the user association for high-mobility environments, so that the video content required by a mobile user
is immediately available when it moves into a new cell and
the handover delay can be significantly reduced. Compared
with existing works, we consider the characteristics of video
streaming traffic and obtain the exact amount of video content
stored in the candidate base station for each user under the
capacity constraint of local memory, to achieve optimal video
streaming quality.
III. S YSTEM M ODEL
This section describes the system architecture for mobile
video streaming in mmWave 5G networks and the directional
communication model for high-mobility environments.
A. Video Streaming Architecture for Highway Scenario
In this paper, the hybrid architecture of 4G+mmWave
for 5G wireless networks is adopted to provide ubiquitous
coverage and high data rate in most coverage areas. Mobile
video streaming with high-rate requirements can be supported
with mmWave networks, which are deployed with cellular
topology in small cell as shown in Fig. 1. We consider a set
of mobile users U = {U1 , U2 , . . . , Un , . . . UN } moving on a
segment of highway which is covered by a set of mmWave
base stations B = {B1 , B2 , . . . , Bk , . . . BK }. Both mmWave
base stations and mobile users are equipped with electronically
steerable directional antennas. The connection between the
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Fig. 2.
Fig. 1.

Directional mmWave Connection with High Mobility.

Video Streaming Architecture with Cache Memory.

mobile user and the base station can be built when both the
transmission and reception antennas direct their beams towards
each other with beamforming technologies [22].
Traditionally, if user Un enters the cell covered by base
station Bk , user Un sends the transmission request to Bk which
is responsible for forwarding the request to the remote video
server, downloading the video content to Bk , and transmitting
the video content to user Un through mmWave channel. Since
the user’s movement can be tracked when it moves on the
highway, the next associated base station for user Un can be
predicted. With proactive caching approach, when user Un is
currently associated with base station Bk , the system can predetermine the amount of video content to be cached in the local
memory of base station Bk+1 in order to reduce the latency
and improve video streaming quality.

be seen that the communication time between mobile user
and its associated base station is quite short with directional
communication, high user mobility, and smaller cell size. The
video content delivery delay plays a significant role on video
streaming quality of the mobile user.
Remark: Since the highway is usually constructed in rural
area, most of the traffic demands in each cell come from
the highway area rather than other areas within the cell. It
is assumed that the directional antenna of each base station
is always directed to the highway to provide connections for
mobile users. In addition, it is possible that there are multiple
mobile users connected to the same base station for video
streaming. The medium access control (MAC) schemes (such
as TDMA) for these mobile users with directional communication are beyond the scope of this paper.
IV. P ROBLEM D EFINITION

B. Directional Communication With Mobility
Directional antenna radiates power to all the directions while
having focus on specific directions. The radiation model of
directional antenna can be described as
G(α)
g(α) =
(1)
G max
where G max = maxα G(α). α is the horizontal angle towards
different directions. In order to combat the high propagation
loss over distance, directional antenna with high directivity
gain is used. The flat-top antenna model [6] is adopted for
simplification purpose. Specifically,
⎧
α
⎨ 1,
| α |≤
g(α) =
(2)
2
⎩
0,
otherwise
where α is the beamwidth with α = 2π
N (N is the number
of beams for each antenna).
With the flat-top antenna model, mobile users and base
station can communicate with each other if and only if both
of them are within each other’s beamwidth, i.e., each of
them directs its beam towards each other. Fig. 2 shows the
directional communication between mobile user Un and the
associated base station Bk . When mobile user Un enters the
cell shown in Fig. 2(a), it can not receive video content
from Bk until it moves into the beamwidth of Bk as shown
in Fig. 2(b). The connection is discontinued after Un moves
out of the beamwidth of Bk as shown in Fig. 2(c). It can

A
set
of
adjacent
mobile
users
U
=
{U1 , U2 , . . . , Un , . . . UN }
requiring
video
streaming
services move towards a certain direction on the highway
covered by a set of adjacent mmWave base stations
B = {B1 , B2 , . . . , Bk , . . . BK } corresponding to a set of cells
C = {C1 , C2 , . . . , Ck , . . . CK }. Each mmWave base station
Bk covering a cell Ck has a local cache memory with size
Mk (k = 1, 2, . . . , K ). We consider the number of mmWave
base stations K is large enough, such that the mobile users
do not exceed the area on the highway covered by the base
station set B within the considered time duration. mmWave
base stations are connected to the gateway through optical
fiber with high capacity. It is assumed that the connection
between mmWave base station and gateway is large enough
to deliver the pre-loaded video content. If the required amount
of video content can not be delivered to the base station
due to limited capacity of optical fiber, the actual amount of
pre-loaded video content should be bounded by the integration
of optical fiber capacity over video content delivery duration.
Mobile users switch connections with different mmWave
base stations through hard handoffs. The video content is
segmented into blocks, and the size of local memory Mk is
in the unit of block. Different users’ video blocks pre-loaded
in the local memory of each base station are stored based
on the order in which the users become associated with
the base station. Video blocks of the same user associated
with a specific base station are stored in local memory from
lower address to higher address depending on the availability
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TABLE I
N OTATIONS FOR M ODELING

problem of how to allocate the proper cache size to pre-load
the video content in the next associated base station for each
mobile user in order to achieve global optimal video streaming
quality, under the space size constraint of each local memory.
The video content proactive caching problem in this paper is a
decision making problem, i.e., based on the current state of the
system (each mobile user Un with corresponding associated
base station Bk and its allocated memory size Mn,k in that base
station), the system determines the newly allocated memory
size Mn,k+1 for the user moving into a cell covered by the next
base station Bk+1 . The overall mobile video streaming quality
for all the users in the system can be significantly affected by
the amount of pre-loaded video content, which is the action
of each state. Note that the next state of the system (which
describes the local memory allocation for each user when there
is a user entering a new cell) only depends on the current state
and the allocated cache memory space to the new user, which
satisfies Markov property.
Markov Decision Process is a stochastic control process for
decision making. At each time step, the process is in a specific
state, and the decision maker chooses an action available in
that state. Then, the process responds at the next time step
by moving into a new state with a reward corresponding to
the selected decision. The problem addressed in this paper
exactly fits the Markov decision process, and we formulate
the proactive caching problem as a Markov decision process,
composed of the state space, the control space, the state
transition probabilities and the cost function.
V. F ORMULATE THE P ROBLEM AS M ARKOV D ECISION
P ROCESS
As discussed in Sec. IV, to formulate the problem of
proactive caching for mobile video streaming as a discretestate finite horizon Markov decision process, we first define
the state as a combination of a cell-based memory allocation
configuration and a movement event. Then, we provide the
control space, the state transition probability, and the cost
function.
A. The Space of the Combined State

of the memory. When user Un is currently associated with
base station Bk , the next associated base station Bk+1 can
be predicted based on its moving direction and the coverage
area of each base station. Before a user Un moving into a
new cell Ck+1 , the system can determine a specific amount
of cached video content and can pre-load the video content
from remote video sever to the local memory of base station
Bk+1 . Thus, it is assumed that each base station knows the
video content of each user and the video content of each
user cached in different base stations is continuous without
content overlap. Since the video content is pre-loaded from
remote video sever to mmWave base station through cable
with perfect channel quality, lost blocks are not considered
in this paper. The parameters for system model are shown in
Table I.
This paper investigates the impact of proactive caching on
video streaming quality in 5G networks and addresses the

At any particular instant, given the set of mobile users U =
{U1 , U2 , . . . , Un , . . . UN } with video streaming applications
and the set of base stations B = {B1 , B2 , . . . , Bk , . . . BK }
covering a segment of highway, the status of local memory
allocation for all the users associated with the corresponding
base stations can be described by a N × K matrix:

n,k
M = M




M
 1,1 M1,2
M
2,1 M
2,2

N ×K =  .
..
 ..
.

M
N ,1 M
N ,2


1,K 
··· M

2,K 
··· M

..  ,
..
.
. 

N ,K 
··· M

(3)

n,k is the allocated local memory size in base station
where M
n,k is given as
Bk to user Un . M

Mn,k , (Un associated with Bk )
n,k =
(4)
M
0,
(otherwise)
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where Mn,k is the allocated local memory size of mobile user
n,k = 0 can occur in two
Un when it is associated with Bk . M

cases. First, Mn,k can be zero if the user Un is not associated
with Bk in the current state. Second, even if the user Un is
currently associated with Bk , the local memory in Bk is fully
occupied by other users and there is no available memory
space to be allocated to the user Un . Since each base station
Bk has a local memory with space Mk , we have
N


n,k ≤ Mk , for k = 1, 2, . . . , K
M

(5)

n=1

The time duration n,k for the user Un staying in the cell Ck
until it moves into the next cell Ck+1 is independent of the
previous visited cells and the previous length of video streaming duration. The random variable n,k can be affected by the
length of the highway located in the cell Ck and the speed
of the mobile user. It is assumed that n,k is exponentially
distributed with rate ψn,k which can be statistically obtained
through measurements or other means. Therefore, the arrival of
the event that the user Un enters a new cell is a Poisson process
with the rate of ψn,k . The process of all the users’ movement
within the considered highway segment is a combination of
several independent Poisson processes. A random event of the
system that a user changes its associated base station can be
described by the following N × K matrix:

R = rn,k



 r1,1 · · · r1,K 




N ×K =  ... rn,k ... 


rN ,1 · · · rN ,K 

(6)

where rn,k indicates a specific user moving from the current
cell into the next cell and can be given as
⎧
⎪
⎨−1, (User n intends to leave cell Ck )
rn,k = 1,
(7)
(User n intends to enter Ck )
⎪
⎩
0,
(otherwise).
The matrix R has two non-zero adjacent elements since each
R describes the movement of one user.
The state of the system at any particular instant can be
described by the combination of the two matrices:
• The matrix M describes the local memory allocation to N
mobile users moving towards a certain direction among
K cells;
• The matrix R describes the next random event that a
particular mobile user Un changes its associated base
station.
Let P denote the state space of the system. The space P is
composed of all possible combinations of the matrix M and R,
given that the set of users U move towards a certain direction
and each user can only move from the current cell Ck to the
next cell Ck+1 with k ∈ {1, 2, . . . , K − 1}. P can be given as
P = {i = (M(i) , R(i) ) | M(i) ∈ M , R(i) ∈ R }

(8)

where M is the set of all local memory allocation solutions,
and R is the set of random events indicating which user is
the next moving user and the corresponding moving-out and

moving-into cells. Note that the set of R depends on the
primary state component M(i) .
Based on the definition of the system state i = (M(i) , R(i) ),
there are several observations: (1) The system enters a new
state j = (M( j ), R( j ) ) as soon as a particular user Un moves
into a new cell determined by the matrix R(i) ; (2) The system
allocates a specific local memory space in the next associated
base station to the user Un in order to pre-load the content
for video streaming if the user Un in state j = (M( j ), R( j ) )
initiates the coming random event of user movement; (3) Both
M and R are sparse matrixes. The non-zero elements of the
matrix M move from the left side towards the right side of M
as the system undergoing different stages.
Initially, the set of users are located in a number of cells
at the beginning of the considered highway segment. At the
end of the considered duration, the set of mobile users would
be located in a number of cells at the end of the considered
highway segment. If it is assumed that the mobile users have
similar speed on the highway, the system state transition stops
and the system enters the final stage when a user moves into
the last cell CK .
Remark: We consider the local memory allocation problem for proactive caching among a fixed number of active
users (users with video streaming) in the system. It is possible
that there are user arrivals and user departures in the considered system, which leads to a dynamic number of active users.
The whole process with a dynamic number of active users
can be viewed as a series of sub-processes, each of which
has a fixed number of active users contending for the local
memory spaces. The admission control problem for new user
arrivals and user departures in the system is beyond the scope
of this paper. Although we consider single-direction scenario
on the highway, the model in this paper can also be used
for two-direction scenario by considering users from the other
direction without changes on problem formulation. The matrix
M would have more columns as more users are involved. For
single-direction scenario, users always move from cell Ck to
cell Ck+1 while users can move from cell Ck+1 to Ck and
from cell Ck to Ck+1 for two-direction scenario which affects
matrix R indicating user’s movement.
B. The Control Space
The local memory allocation problem for proactive caching
is a decision-making problem. Specifically, when the system
is under a state i = (M(i) , R(i) ), the system knows that the
user Un will enter a new cell Ck+1 by reading matrix R(i) .
Then the system selects an action indicating the allocated local
memory for the user Un in the next associated base station
Bk+1 covering the new cell Ck+1 . The action taken in each
state of the whole process has a significant impact on the
overall video streaming quality of all the users. The possible
actions of all the states compose the Control Space.
For each state i = (M(i) , R(i) ) ∈ P , the set of possible
actions ζ (i) is the set of available memory spaces for the
user Un in the next associated base station Bk+1 . In specific,
if rn,k = −1 and rn,k+1 = 1 in matrix R(i) , ζ (i) =
{0, 1, 2, . . . , S(M(i) , R(i) )} where S(M(i) , R(i) ) is the number
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of available blocks in base station Bk+1 based on the local
memory allocation matrix M(i) . S(M(i) , R(i) ) can be given as
S(M(i) , R(i) ) = Mk+1 −

N


n,k+1
M

(9)

n=1

Therefore, the control space can be defined as C = i∈P ζ (i) .
The determined action a(i ) ∈ ζ (i) in each state i has a great
effect on the video streaming quality. For example, if the preloaded video content in the allocated memory space is not
large enough, it is possible that the mobile video streaming
would be frozen. The larger allocated local memory space
in the next associated base station would store more video
content which can be delivered to mobile user to support video
streaming for relatively longer duration. However, this can
lead to the smaller allocated local memory space for other
users associated with the same base station. Therefore, how
to determine the proper allocated local memory size to users
entering different cells to optimize the video streaming quality
is an important and challenging issue.
C. The State Transition Probabilities
Given two states i = (M(i) , R(i) ) and j = (M( j ) , R( j )), the
state transition probability from state i to state j can be given
as the state transition rate from state i to state j divided by
the overall state transition rates starting from state i . For any
network configuration M(i) , the duration until the next random
event R(i) occurs depends on the movements of all the users
in the system. Specifically, the overall state transition rates ϒi
are the sum occurring rates of all possible events R(i) and can
be obtained as
ϒi =

N 
K


ψn,k

(10)

n,k

n=1 k=1

where n,k indicates the user Un is currently in the cell Ck if
n,k = 1 while n,k = 0 if the user Un is not located in the
cell Ck . Given the state i = (M(i) , R(i) ), the state transition
probability from state i to state j is given as
1
ψn,k n,k
pi, j (a(i )) =
(11)
K
S(M(i) , R(i) ) N
ψn,k n,k
n=1

k=1

1/S(M(i) , R(i) )

is the probability to select one possible
where
local memory space in the next associated base station among
S(M(i) , R(i) ) available blocks.
D. The Cost Function
The Markov decision process is composed of a series of
stages, each of which is characterized by a specific state. The
objective is to determine the proper action for each stage in
order to achieve optimal video streaming quality for all the
users over a time duration. In order to evaluate video streaming
quality, we define a metric, video streaming quality consistency
as the percentage of time when there is no video frozenness
or/and no video packet dropping out of the total time period
of video streaming.
Each user Un has a specific required data rate μn for video
streaming. There is a buffer with the size of n associated

with each mobile device Un to store the video content for
playback. For each stage, the local memory size Mn,k+1 in base
station Bk+1 for the user Un currently associated with base
station Bk need to be determined so that the video content can
be pre-loaded in base station Bk+1 before Un entering Bk+1
to reduce the delay of delivering video content from remote
video server to the base station. Due to the high user mobility
and directional communication, mobile user and the base
station has extremely short time to transmit video content. The
proactive caching method can effectively deliver video content
to mobile users with high data rate requirement, by reducing
the transmission delay and handoff delay. In order to simplify
the formulation of video streaming quality consistency, the
following assumptions are made: a) The transmission data rate
of mmWave channel from base station to mobile user is large
enough. Thus, the video streaming quality is mainly affected
by the amount of pre-loaded video content. b) The video
content can be delivered to mobile device at the beginning
of each stage. c) We consider fully uncompressed video
streaming, and the video data packets are not correlated. d)
User Datagram Protocol (UDP) is adopted for video packet
transmission, in which there is no packet re-transmission if
video packet is dropped.
Let tχ denote the starting time of the χ t h stage in
the Markov decision process. Thus, the time set T =
{t1 , t2 , . . . , tχ , . . . , tX } describes the starting time of a Markov
decision process with total number of X stages. Let Y(t)
represent the state of the system at any instant t with Y(t) =
(M(t ) , R(t )) ∈ P . a(tχ ) ∈ C denotes the corresponding control
for the χ t h stage. The duration of the χ t h stage can be given as
τχ = tχ+1 − tχ

(12)

with the expected stage duration τ χ =
(χ−1)
rn,k+1

R(χ−1) .

1
ψn,k

if

(χ−1)
rn,k

= −1

and
= 1 in the matrix
The cost of the user Un in the χ t h stage is denoted by
(χ)
Wn and is defined as the time duration when either there is
video frozenness or there is packet dropping. If mobile user
Un changes its associated base station from Bk to Bk+1 at time
(χ−1)
(χ−1)
tχ (characterized by rn,k = −1 and rn,k+1 = 1), there will
be video content with data size of ZMn,k+1 transmitted to Un
where Z is the data size of each video block. Considering Un ’s
buffer size n and the buffer status n (tχ ) at the beginning
of the χ t h stage, if ZMn,k+1 + n (tχ ) > n , packet dropping
(χ)
can occur and the stage cost Wn,loss in terms of video quality
loss duration resulting from video packet dropping for the user
Un in the χ t h stage is given as
ZMn,k + n (tχ ) − n
(χ)
.
(13)
Wn,loss =
μn
With the condition of ZMn,k+1 + n (tχ ) > n , the duration
it takes to fully empty the buffer by video streaming for the
user Un is
(χ)
tem
=

n /μn .

(14)

If the stage duration τχ > n /μn , the stage cost in terms of
video frozenness duration is
(χ)

Wn, f roz = τχ −

n

μn

.

(15)
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Otherwise, there is no frozenness duration in the χ t h stage
with τχ ≤ n /μn .
If ZMn,k+1 + n (tχ ) ≤ n , there is no packet dropping and
(χ)
the stage cost in terms of video quality loss duration Wn,loss
is zero. With the condition of ZMn,k+1 + n (tχ ) ≤ n and
τχ > [ZMn,k+1 + n (tχ )]/μn , the stage cost in terms of video
frozenness duration is
ZMn,k+1 + n (tχ )
(χ)
.
(16)
Wn, f roz = τχ −
μn
If τχ ≤ [ZMn,k+1 + n (tχ )]/μn , there is no video frozenness
duration in the stage cost.
The stage cost includes video quality loss duration and video
frozenness duration, i.e.,
(χ)

(χ)

Wn(χ) = Wn,loss + Wn, f roz .

(17)

Therefore, in the χ t h stage, the stage cost of user Un with
(χ−1)

(χ−1)

rn,k = −1 and rn,k+1 = 1 can be summarized in (18).
For the user Un without changing the associated base station
(χ−1)
(χ−1)
= 0 and rn,k+1 = 0), there is
in the χ t h stage (i.e., rn,k
no video quality loss duration in the stage cost. The video
frozenness duration could be included in the stage cost if the
(t )
stage duration τχ is less than nμnχ . Therefore, the stage cost
for the user Un can be given as
⎧
(t )
(t )
⎪
⎪ τχ − n χ , (τχ ≤ n χ ),
⎨
μn
μn
Wn(χ) =
(19)
⎪
n (tχ )
⎪
⎩
).
0,
(τχ >
μn
Given the stage cost for each user defined either in (18), as
shown at the bottom of this page, or in (19), the average cost
 ) throughout the whole process is
per unit time (denoted by W
N
X 

 = 1
W
Wn(χ) .
E(tX )

(20)

χ=1 n=1

Then, the average video streaming quality consistency of all
the users in the system (denoted by Wcons ) can be given as
Wcons

 =1−
=1−W

X N
1   (χ)
Wn
E(tX )

the users { 1 (t1 ), 2 (t1 ), . . . , N (t1 )} and the required video
streaming data rates for all the users {μ1 , μ2 , μ3 , . . . , μN },
the objective function can be described by the following
optimization problem (P1)
P1: min

X N
1   (χ)
Wn
E(tX )

For mmWave networks with dense population, the local
memory spaces would be not sufficient for all the users
with multi-Gbps data rate requirements for the applications
of uncompressed video streaming [23]. With the large enough
buffer size in the mobile device, the dominant cost in each
stage is the video frozenness duration. The optimal policy φ ∗
(indicating the action of each stage) obtained by the optimization problem P1 can lead to a biased solution, i.e., the
memory space would incline towards those users with lower
required data rates while some unlucky users will suffer from
more video frozenness. To achieve fairness in video streaming
quality among the users, a coefficient γ is used in a new
objective function P2 as shown in (23), based on the weighted
fair queuing [24].

P2: min

X N
1   (χ−1) (χ)
γn
Wn
E(tX )

(χ−1)

can be obtained based on the memory space
where γn
allocation records in the previous (χ − 1) stages for the user
(χ−1)
is defined as
Un . Specifically, γn
γn(χ−1) =

δn
n(χ−1) )]λ
[ω + (1 − W

(24)

where ω is a small positive scalar to prevent zero denominator,
δn is a factor for user Un to provide differentiated services
according to the required data rate μn of video streaming,
and λ is a parameter to make a tradeoff between fairness and
n(χ−1) is the average cost per unit time during the
total cost. W
previous (χ − 1) stages of the user Un and can be defined as
n(χ−1) =
W

χ−1

(m)

m=1 Wn

χ=1 n=1

Wn(χ)

(23)

χ=1 n=1

(21)

The objective is to select a proper control at each stage
in order to maximize the video streaming quality consistency (Wcons ), which is equivalent to minimizing the average
 ). Given the initial buffer state for all
cost per unit time (W

(22)

χ=1 n=1

(25)

χ−1

m=1 τm

The user Un with less accumulated video smooth duration
n(χ−1) ) has a larger value of γn(χ−1) .
(calculated by 1 − W
Therefore, the user Un is likely to be allocated more mem(χ−1) (χ)
ory space in order to obtain less stage cost γn
Wn .

⎧ ZM + (t ) −
n,k
n χ
n
n
⎪
+ τχ −
,
⎪
⎪
⎪
μn
μn
⎪
⎪
⎪
⎪
ZMn,k + n (tχ ) − n
⎪
⎪
,
⎨
μn
=
ZMn,k+1 + n (tχ )
⎪
⎪
⎪
, (Mn,k+1 ≤
τχ −
⎪
⎪
μn
⎪
⎪
⎪
⎪
⎪
⎩
0,
(Mn,k+1 ≤

(Mn,k+1 >

n

−
Z

, τχ >

n

μn

),

n (tχ )
n
, τχ ≤
),
Z
μn
ZMn,k+1 + n (tχ )
n − n (tχ )
, τχ >
),
Z
μn
ZMn,k+1 + n (tχ )
n − n (tχ )
, τχ ≤
).
Z
μn

(Mn,k+1 >

n

−

n (tχ )

(18)
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When λ = 0, the memory space is allocated to users without
taking into account the history of the obtained cost.
Remark: Although the cost function of the MDP model
is obtained based on the scenario of uncompressed video
streaming, it is easily extended to the scenario of compressed
video streaming with the knowledge of packet correlation to
calculate the stage cost of each user in (18).
VI. S OLVE M ARKOV D ECISION P ROCESS P ROBLEM
The problem of proactive caching for mobile video streaming is formulated as an average cost Markov decision problem
in Sec. V. This section discusses how to solve the formulated
Markov decision problem. First, a typical dynamic programming method (i.e., Bellman’s equation), is described to solve
the Markov decision problem. Based on Bellman’s equation,
we propose a cell-to-cell decomposition method to achieve
sub-optimal solution. Let φ be any stationary policy which
gives the control φ(i ) ∈ ζ (i) ⊂ C for each state i . The average
cost per unit time under the policy φ is denoted by θ φ while
the optimal policy φ ∗ minimizes the average cost per unit time
θ ∗.

Markov decision process can be solved by Bellman’s Equation to achieve optimality [25]. For a stationary system, the
average cost θ φ under the policy φ is independent of the initial
state. Consequently, “differential cost” is used to compare
different states. The set D = {d(i ), i ∈ P } defines the
differential costs for all the possible states. Let d ∗ (i ) be the
differential cost of state i under an optimal policy φ ∗ . Based
on Bellman’s Equation, the optimal average cost θ ∗ and the
set {d ∗ (i ), i ∈ P } satisfy the following equations:
d ∗ (i ) = min {W (i) (a) − θ ∗ τ i (a) +
a∈ζ (i)



pi, j (a)d ∗ ( j )}, (26)

j ∈P

W (i) (a)

where
is the cost of the system under state i with the
control of a and is defined as
N


Wn(i) (a).

(27)

n=1

Given the differential cost set {d ∗ (i ), i ∈ P } and the optimal
average cost θ ∗ , for all i ∈ P , the optimal decision φ ∗ (i ) at
state i can be obtained by

φ ∗ (i ) = arg min {W (i) (a) − θ ∗ τ i (a) +
pi, j (a)d ∗ ( j )}.
a∈ζ (i)

B. Cell-by-Cell Decomposition Method
As discussed in Sec. VI-A, the size of the state space is
too large for exact dynamic programming to be practical.
In this section, an approximate cell-by-cell decomposition
method based on Bellman’s Equation is proposed to solve the
formulated Markov decision problem.
For convenient usage in the following of the paper, for all
i ∈ P and a ∈ ζ (i) , we define

D ∗ (i, a) = W (i) (a) − θ ∗ τ i (a) +
pi, j (a)d ∗ ( j ). (29)
j ∈P

Then, the corresponding optimal control φ ∗ (i ) for state i under
the optimal policy φ ∗ is
φ ∗ (i ) = arg min D ∗ (i, a),

for all i ∈ P

a∈ζ (i)

(30)

and the optimal differential cost d ∗ (i ) is

A. Bellman’s Equation

W (i) (a) =

in such a high dynamic system with a large number of mobile
users moving on the highway covered with mmWave small
cells. Since the system needs real-time information to determine the memory allocation for each stage, suboptimal methods for the solution must be used to obtain real-time solution.

j ∈P

d ∗ (i ) = min D ∗ (i, a),

for all i ∈ P .

a∈ζ (i)

(31)

In this paper, an approximation of D ∗ (i, a) which is referred
 a) is constructed to determine the control of each state,
as D(i,
instead of calculating the actual differential cost set {d ∗ (i ), i ∈
 a) can be given as
P } and the optimal average cost θ ∗ . D(i,

 a) = W (i) (a) − 
 j)
D(i,
θτ i (a) +
pi, j (a)d(
(32)
j ∈P

where 
θ is the approximated optimal average cost and 
d(i )
is the approximated optimal differential cost for state i . We
consider cell-by-cell decomposition combined with feature
 a) in order to achieve a much
extraction to construct D(i,
smaller size of state space to apply dynamic programming. For
each cell k, we obtain the estimation of the average cost 
θk and
the estimation of the differential cost dk (i ). The approximated
optimal average cost 
θ and approximated optimal differential
 ) for state i can be given by the summation of the
cost d(i
corresponding values of all the cells:

θ=

K



θk , and 
d(i ) =

k=1

K


dk (i ), i ∈ P .

(33)

k=1

With the approximation value of 
θ and 
d(i ), the control of
each state can be determined by

(28)
Several value iteration and policy iteration algorithms were
developed to compute the optimal average cost θ ∗ and the
differential cost set {d ∗ (i ), i ∈ P } in order to solve the Markov
decision problem [25], [26]. Most of these iteration algorithms
determining {d ∗ (i ), i ∈ P } and θ ∗ have the computational
complexity of O(C P 2 ) [26], where . is the cardinality
of a set. Overwhelming computation on iteration is required to
determine these values due to the huge number of system states

 a)
φ(i ) = arg min D(i,
a∈ζ (i)

= arg min {W
a∈ζ (i)

(i)

(a)−τ i (a)

K

k=1

K




θk+
pi, j (a)
dk (i )}.
j ∈P

k=1

(34)
A few features of cell k are extracted to form a Markov
decision process for cell k to obtain the average cost 
θk and the
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differential cost dk (i ). The featured Markov decision process
for cell k has a limited number of states so that traditional
iteration method is practical to calculate 
θk and dk (i ). Let
(i)
(i)
(i)
Yk = {yk,1 , . . . , yk,J } be the set of features to describe the
state of cell k when the system is in state i , where J is the
number of features for each cell. The approximated differential
cost function 
d(i ) can be given as:

d(i ) =

K


dk (Yk(i) )

(35)

k=1

In summary, the steps of the cell-by-cell decomposition
method can be given as follows:
(i)
(i)
, . . . , yk,J
} for each
1) Determine the features Yk(i) = {yk,1
cell k and form the feature-based Markov decision
process for each cell with the state composed of the
extracted features;
2) Calculate the average cost 
θk and the differential cost
dk (i ) for each cell k, and determine the approximated 
θ
 ), i ∈ P } based on (33);
and {d(i
3) Make a decision for each state i according
θ τ i (a) +
to φ(i ) = arg mina∈ζ (i) [W (i) (a) − 

p
(a)
d(
j
)],
for
all
i
∈
P
.
i,
j
j ∈P
The extracted features to represent the state for each cell
is the local memory allocation for a number of users located
in the cell, considering the Markov decision process for the
system formulated in Sec. V. Specifically, we use a set m k =
{m k,1 , . . . , m k,V } to indicate the allocated memory space to
each user to describe the state of cell k, where V is the
upper bound of the number of users in each cell. Since we
consider mobile users moving toward a certain direction in
the highway covered by a series of mmWave cells, there
should be a limitation for the number of mobile users in
each cell (e.g., bounded by the number of passengers in the
vehicles). Therefore, suppose there are Vk users currently
located in cell k, thus the elements from m k,Vk +1 to m k,V in
set m k = {m k,1 , . . . , m k,V } are zero and these elements are for
future potential handoff users entering cell k. The state of cell
k can be characterized by two sets: m k = {m k,1 , . . . , m k,V }
and rk = {rk,1 , . . . , rk,V }, where m k,v indicates the amount of
memory space (in the unit of block) allocated to the v t h user
in cell k and rk,v indicates the next random movement event
of the v t h user with
⎧
⎪
⎨−1, (User v intends to leave cell Ck )
rk,v =
1, (User v intends to move into cell Ck ) (36)
⎪
⎩
0, (User v intends to remain in cell Ck ).
Then, the state of the Markov decision process for cell k can
be given as the combination of the two sets, i.e., the state space
can be defined as Pk = {i | i = (m k , rk )}. Following similar
procedures in Sec. V, the memory allocation problem in each
cell can be formulated as a Markov decision process with state
space, control space, state transition probability, and the cost
function. The cost function calculates the video frozenness
period and video quality loss period. Based on the formulated
Markov decision process, we can adopt iteration method [26]
to calculate the average cost 
θk and the differential cost dk (i )
for each cell k in order to determine the approximated 
θ

 ). The corresponding control for each state of the
and d(i
whole system (indicating the allocated memory space in next
associated base station Bk+1 for the user Un entering in cell
k) can be determined by (34).
Remark: To implement the proposed proactive caching
method based on traditional Bellman’s equation, a central
controller is necessary and connected to all the mmWave base
stations to collect the update information (such as buffer status
at the beginning of each stage, the movement status of the
users, and the required video content of each each user) to
make the decision when system entering a new stage. For
the cell-by-cell decomposition method, the total amount of
calculation grows linearly with the number of cells. Moreover, the cell-by-cell decomposition method depends on local
information and can be easily implemented in a distributive
manner.
VII. N UMERICAL R ESULTS
In this section, we conduct numerical results to show the
performance of the cache memory allocation solution achieved
from the Markov decision process with cell-by-cell decomposition method. There are another two solutions used in this
paper for comparison. Specifically, random memory allocation
solution determines a random memory space for a mobile
user to pre-load the video content, under the cache memory
space constraint of each base station. Another solution for
comparison is the caching-free solution where there is no local
memory space in each base station to pre-load and store the
video content and the mobile user need to build the connection
through base station and Internet to remote video server. Video
quality consistency is the main metric to demonstrate the
performance of the memory allocation solution on mobile
video streaming. Additionally, we also show the performances
in terms of the impact of cache memory size on video quality,
the distribution of video smooth duration, and impact of
required video data rate on system performance.
The numerical results are conducted in a segment of highway, covered by a series of 150 mmWave base stations. The
speed of mobile user and the length of the highway in each
cell determine the duration that the mobile user stays within
each cell. The time duration n,k for the user Un staying in the
cell Ck until it moves into the next cell Ck+1 is exponentially
distributed with average duration of 1 s. The directional
communication time between mobile user and mmWave base
station is randomly selected from the range of [0.1s, 0.3s].
Initially, a number of users are located in the cells at one
end of the highway, and move towards another end of the
highway passing the cells sequentially. At the beginning of the
considered period, the buffer installed in each mobile device is
empty. The memory space size in each mmWave base station
is in the unit of video block. The required data rate of the
multimedia application in each user is randomly selected from
the range of [0.8 Gbps, 2 Gbps]. The system parameter settings
are summarized in Table II.
A. Video Streaming Quality Consistency
The results of video streaming quality consistency for the
three solutions on video streaming over various numbers

7196

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 15, NO. 10, OCTOBER 2016

TABLE II
S YSTEM R ELATED PARAMETERS

Fig. 4.

Fig. 3.

Impact of Local Memory Space on Video Streaming Quality.

Video Quality Consistency for Various Numbers of Active Users.

of active users in the system are shown in Fig. 3. Video
quality consistency decreases as more number of active users
included in the system to compete for the local memory
spaces. Markov decision process solution and random memory
allocation solution achieve significant performance improvement on video quality consistency compared with cachingfree solution, because the proactive caching system can
pre-load the video content to base stations to eliminate delay
effect and reduce video frozenness. Markov decision process
solution outperforms random memory allocation solution
since Markov decision process solution can determine proper
amount of video content stored in the base station to achieve
optimal video streaming quality for all the users in the system.

Fig. 5. Tradeoff Between mmWave Base Station Density and Cache Memory
Space.

As fewer mmWave base stations are deployed on the highway,
video quality consistency decreases since the total available
cache memory space to pre-load video content becomes less.
To achieve the same video quality consistency (e.g., 0.9), each
base station requires larger cache memory space as fewer
mmWave base stations are deployed. It is a tradeoff between
mmWave base station density and cache memory space in each
mmWave base station.

B. Impact of Local Memory Space
Fig. 4 shows the impact of local memory space on maintaining the video streaming quality for the Markov decision
process solution and the random memory allocation solution,
for a fixed number of active video streaming users. Demonstrated in Fig. 4, as the local memory space in each base
station increases, video quality consistency can be improved.
With more local memory space in each base station, mobile
users can be allocated more memory space to store video
content and maintain video playout quality. If the directional
mmWave connection has large enough transmission rate and
the buffer size at mobile user is large enough to mitigate video
packet overflow, 100 percent video quality consistency can be
achieved with large enough memory space in each base station.
Fig. 5 shows video quality consistency of the Markov
decision process solution with different numbers of mmWave
base stations deployed in the considered section of highway.

C. Probability Distribution of Video Smoothness Duration
Video streaming would be smooth if there is no frozenness
and/or quality loss. In this paper, the quality loss resulting from
packet dropping is because of user’s buffer overflow since
it is assumed that the impact of mmWave channel variation
on packet reception is beyond the scope of this paper. If a
relatively large buffer is installed in user’s device, there would
be not buffer overflow (i.e., no quality loss). Thus, the main
impact on video streaming quality considered in this paper is
video frozenness which happens when the pre-loaded video
content in the base station is not large enough to maintain the
video playout quality for a specific duration. Fig. 6 shows the
probability distribution of the normalized video smoothness
duration of all the active users. The Markov decision process
solution can extend the video smoothness duration significantly (i.e., video smoothness durations in Markov decision
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Fig. 6.

Probability Distribution of Video Smoothness Duration.

process solution are located in the long duration range with
higher probability) by allocating proper cache memory space
to each mobile user. The proposed memory allocation method
is effective to maintain video streaming quality when the
mobile user and base station have very short connection
time for data transmission. The random memory allocation
solution can reduce the frozenness compared with cachingfree solution.
VIII. C ONCLUSIONS
In this paper, we have investigated the problem of cache
memory allocation in each base station to 5G mobile users
with video streaming on the highway covered by mmWave
small cells. Markov decision process is used to formulate
the dynamic cache memory allocation problem for users
moving among different cells in order to achieve optimal video
streaming quality. We use cell-by-cell decomposition method
to reduce the size of the state space in order to practically
solve Markov decision problem with dynamic programming.
Demonstrated by the numerical results, the obtained solution
indicating a proper cache memory space in the subsequent
base station for each user entering a new cell can effectively
improve the video streaming quality by pre-loading video
content stored in the allocated cache memory. The proposed
proactive caching method is effective on quality provisioning
for non-real time video streaming and can be applied for
the scenarios that the users with high mobility have frequent
handoff among small cells.
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