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ABSTRACT

In this paper, we consider fine-grained scalable video caching
to provide video-on-demand (VoD) service, where exclusive-or
(XOR) network coding is adopted to reduce data traffic. To
further reduce backhaul data traffic, caches are grouped into
pairs, which can be modeled as a maximum-weighted match-
ing (MWM) problem. A heuristic harmony search algorithm
is employed to solve the problem. Numerical results show that
cache cooperating in pairs can help limiting backhaul data
traffic. Further, the algorithm is shown to achieve greater
backhaul traffic savings than other approximate MWM solu-
tions.

CCS CONCEPTS

• Information systems → Multimedia information sys-
tems; • Networks → Network services; Network perfor-
mance evaluation.
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1 INTRODUCTION

Video streaming and VoD services are becoming one of the
most demanding applications on the Internet. As predicted by
Cisco, IP video could represent 82% of all user traffic by 2021
[9]. Effective delivery of video is however quite challenging
due to heterogeneity among users, who may have distinct
preferences and constraints on resolution, frame-rate, and
bit-depth. The network environment also varies among the
users (e.g. wired vs. mobile networks) resulting in different
available bandwidths [19].

To reduce source overload and improve video delivery
performance, VoD service offers Content Delivery Networks
(CDN) [10] that provide caching for geographically dispersed
users [14]. Clients then acquire available video content from
local caches instead of directly fetching data from a central
server, which can significantly reduce total bandwidth con-
sumption. This raises the natural question: Considering that
different users (with different end-system capabilities) may
request video clips/movies at different bitrates, is it necessary
to store video content at the caches at different source rates?
With scalable video caching, fortunately, the answer to this
equestion is a ‘no’.

Several previous works have considered the problems of
scalable video caching. Layered scalable video coding (SVC)
video caching [20] stores base layers of each movie at the
caching node and adjusts the enhancement layers according
to user requests. Sanchez et al. [4], [17] studied layered SVC
caching over HTTP-streaming and concluded that by using
SVC instead of non-scalable coders, the caching efficiency
was significantly improved since storing same video clip at
several source bitrates is not necessary. Tong et al. [23] consid-
ered video streaming in a small cellular network and adopted
caching at each base station to reduce backhaul bandwidth
consumption while guaranteeing good video quality. Zhou
et al. [24] analyzed different working strategies of scalable
video caching devices and designed an adaptive algorithm
for caching mode selection when dealing with varying video
requests. Most previous scalable video caching works focused
on layered video caching: unfortunately resulting in a variant
of the NP-hard knapsack problem, since the source bitrates
provided by each layer are discrete while the cache size is
constrained. To circumvent this problem, here we apply the
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fine-grained scalable video coder interframe EZBC [22], [11]
that has been shown to encode video clips at almost a con-
tinuous range source bitrates.

Besides, bandwidth efficiency can be further increased
through cooperation among the caches using network cod-
ing [1]. The intermediate nodes can linearly combine the
incoming data and then forward them to destinations using
network coding. Network coding allows the multicast capacity
of a network to be achieved and can provide a throughput
advantage as compared to routing. A simple network coding
approach is to set the field size to 2 (i.e. to perform exclusive-
or (XOR) coding) which can be very helpful on boosting
network throughput especially for wireless networks. Some
works regarding XOR network coding are briefly summarized
here. Rout et al. [16] proposed a XOR network coding based
algorithm which increased the lifetime of wireless sensor net-
work and also revealed lower latency than solutions without
network coding. Hay et al. [8] proposed XOR network cod-
ing based protocols which have better packet delivery ratio
(PDR) performance than traditional ad hoc routing protocols.

Additionally, several prior works have considered coding
with caching. Maddah-Ali et al. [12] developed a decentralized
style algorithm for the caching policy by creating simulta-
neous coded-multicasting opportunities with no centralized
coordinations and showed that the proposed method can
reduce traffic load on the bottleneck link. Coded-caching is
preferred in this work especially when the user quantity is
sufficiently large. Wu et al. [21] designed a caching strategy
called coding cache that incorporates random linear network
coding for a multi-path network, and showed that their s-
trategy can outperform other schemes in terms of cache hit
rate.

In this work, we bring the highly scalable video coder
into a VoD system with multiple caches. Caches are grouped
into pairs, hence XOR network coding and the scalability
of SVC coder can be exploited to cut down the backhaul
data traffic. To find the (near) optimal cache cooperation
pairs, we adopt a heuristic algorithm called harmony search.
The performance of different ways of pairing are compared
in terms of backhaul data traffic.

The remaining part of the paper is organized as follows.
In section II, we describe the system model and the problem
formulation. The optimal and heuristic solutions are pro-
posed in section III, and their performance are presented and
compared in section IV. Section V concludes the paper.

2 SYSTEM MODEL

2.1 Fine-grained SVC Caching and
Network Coding

The system consists of a VoD server 𝑆 and 𝑁Cache caches
connecting to the server via a network cloud as shown in Fig.
1. Each cache periodically updates its contents and the period
during which the cache content remains unchanged is called a
time-slot . Let 𝒮𝑡 denote the set of the indices of video clips to
be cached for time slot 𝑡 and let 𝑝𝑖 represent the probability of
video 𝑖. For a given time-slot, the number of requests of video
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Figure 1: System model of the multiple-cache pairing
problem. Each cache may participate into the pairing
with another cache to save backhaul data traffic via
exclusive-or network coding.

clip 𝑖 is recorded as 𝑛𝑖. The cache node will select 𝐾 clips that
have the largest requests number 𝑛𝑖 to store (i.e. put index
𝑖 into set 𝒮𝑡) and the probability value 𝑝𝑖 is then calculated
by normalizing 𝑛𝑖: 𝑝𝑖 = 𝑛𝑖/

∑︀
𝑖∈𝒮𝑡

𝑛𝑖. During each update, the

cache storage space is reallocated in order to optimize the
performance measured by average distortion of the received

videos. For convenience, the notation 𝑉𝑖
Δ
= 𝑅𝑖𝑡𝑖 is introduced

to represent the size of each video clip, where 𝑅𝑖 and 𝑡𝑖 are
the source rate and length of video clip 𝑖, respectively. In
this work we assume that users tend to view the whole video,
and the cache therefore will store the entire video clip at any
calculated rate, i.e. the length of each video clip to be cached
remains unchanged. The variable 𝑉𝑖 is thus a direct one-to-one
mapping of source rate 𝑅𝑖. The traditionally used distortion-
rate function 𝐷𝑖(𝑅𝑖) is adopted here to measure quality (e.g.
in terms of mean-square error) of video clip 𝑖 at rate 𝑅𝑖.
Given 𝑝𝑖, 𝑖 ∈ 𝒮𝑡, the 𝑉𝑖 of all video clips are chosen so that
the weighted distortion measure

∑︀
𝑖∈𝒮𝑡

𝑝𝑖𝐷𝑖 (𝑅𝑖) is minimized,

subject to the cache size constraint. The optimization problem
that minimize the average distortion is described as1:

min
𝑅𝑖,𝑖∈S𝑡

∑︁
𝑖∈𝒮𝑡

𝑝𝑖𝐷𝑖 (𝑅𝑖) (1)

𝑠.𝑡.
∑︁
𝑖∈𝒮𝑡

𝑉𝑖 = 𝐶. (2)

Note that to fully utilize the cache space, the constraint (2)
is an equality constraint.

Considering that the videos requested at one cache may
have already been stored in other caches (although perhaps
at a lower quality), during an update one cache may refer to
other caches before fetching from the server. This fact, along
with the use of network coding, can be utilized to reduce
backhaul traffic. This is discussed next.

1In our experiment, 𝐷𝑖(𝑅𝑖) uses logMSE instead of MSE.
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2.2 Multiple Cache Pairing

The problem of the caching policy design and inter-cache
cooperation via network coding was proposed and solved
in our previous work [7], i.e. for given 𝑝𝑖, 𝑖 ∈ 𝒮𝑡 and 𝐶,
the calculation of 𝑅𝑖 (or 𝑉𝑖 if the length of video clip is
considered) is provided. However, in [7], cooperation between
only two caches is considered. In this work, multiple (more
than 2) caches are considered, where the caches involved are
separated into groups of two and the video streams are jointly
coded using exclusive-or network coding.

We define 𝒞 as the set that contains indices of all caches,
i.e. cache index 𝑖 ∈ 𝒞 = {1, 2, . . . , 𝑁Cache}. Without loss of
generality, we assume that cache 𝑖 and 𝑗 will cooperate at
time-slot 𝑡; hence we define the set {𝑖, 𝑗}𝑡 as the cooperating
cache pair of 𝑖 and 𝑗 at time-slot 𝑡. Also, we define the set
𝒬 (𝑡) that contains all {𝑖, 𝑗}𝑡 at time-slot 𝑡. Let 𝑉𝑖,𝑘 (𝑡) and
∆𝑉𝑖,𝑘 (𝑡) denote the size and the corresponding increase of
video clip 𝑘 of cache 𝑖 at time-slot 𝑡, i.e.

∆𝑉𝑖,𝑘 (𝑡)
Δ
= max {𝑉𝑖,𝑘 (𝑡)− 𝑉𝑖,𝑘 (𝑡− 1) , 0} , (3)

and let 𝐵𝐶𝑘
𝑖,𝑗

(𝑡) denote the size of the potentially codable

part of video clip 𝑘 at cache 𝑖 if cooperating with cache 𝑗:

𝐵𝐶𝑘
𝑖,𝑗

(𝑡)
Δ
= max {min {𝑉𝑖,𝑘 (𝑡) , 𝑉𝑗,𝑘 (𝑡− 1)} − 𝑉𝑖,𝑘 (𝑡− 1) , 0} .

(4)
The total amount of potentially codable rate of cache 𝑖 if
cooperated with 𝑗 is given by the summation of all potential
codable part:

𝐵𝐶𝑖,𝑗 (𝑡)
Δ
=

∑︁
𝑘∈𝒮𝐶𝑖

𝑡

𝐵𝐶𝑘
𝑖,𝑗

(𝑡), (5)

where 𝒮𝐶𝑖
𝑡 represents the set of video indices (VID) to be

cached in cache 𝑖 at time-slot 𝑡. Also, when two caches re-
quests for the update of the same video clip, the server will
send only the overlapping part due to the high scalability of
the coder. We use 𝑉𝑘 (𝑡) here to represent the size of video
clip 𝑘 required by both cache 𝑖, 𝑗:

𝑉𝑘 (𝑡)
Δ
= max{min{𝑉𝑖,𝑘 (𝑡) , 𝑉𝑗,𝑘 (𝑡)}

−max{𝑉𝑖,𝑘 (𝑡− 1) , 𝑉𝑗,𝑘 (𝑡− 1)}, 0}, (6)

and let 𝐵𝑅𝑖,𝑗 (𝑡) represent the total amount of 𝑉𝑘 (𝑡):

𝐵𝑅𝑖,𝑗 (𝑡)
Δ
=

∑︁
𝑘∈𝒮𝐶𝑖

𝑡 ∩𝒮
𝐶𝑗
𝑡

𝑉𝑘 (𝑡). (7)

Therefore, the aggregate data volume that can be saved by
cooperating between cache 𝑖 and 𝑗 is

𝐵𝑖,𝑗 (𝑡) = 𝐵𝐶𝑖,𝑗 (𝑡) +𝐵𝐶𝑗,𝑖 (𝑡) +𝐵𝑅𝑖,𝑗 (𝑡) . (8)

This saving consists of two parts: 1) the saving achieved by
network-coding: 𝐵𝐶𝑖,𝑗 (𝑡) +𝐵𝐶𝑗,𝑖 (𝑡); 2) the saving achieved
by combining data required by both caches 𝑖 and 𝑗 due to
video scalability: 𝐵𝑅𝑖,𝑗 (𝑡). Obviously, we can have 𝐵𝑖,𝑗 (𝑡) =
𝐵𝑗,𝑖 (𝑡). Also, according to equation (4), 𝐵𝐶𝑘

𝑖,𝑗
= 0 if 𝑖 = 𝑗

and hence 𝐵𝑖,𝑖 (𝑡) = 0. Consequently the resulting backhaul
data traffic for cache update is:

𝐵update (𝑡) =

𝑁Cache∑︁
𝑖=1

∑︁
𝑘∈𝒮𝐶𝑖

𝑡

∆𝑉𝑖,𝑘 (𝑡)−𝐵𝒬 (𝑡) , (9)

where 𝐵𝒬 (𝑡) stands for the data volume that can be saved
via cache cooperation:

𝐵𝒬 (𝑡) =
∑︁

{𝑖,𝑗}𝑡∈𝒬(𝑡)

𝐵𝑖,𝑗 (𝑡). (10)

Equation (9) says that the backhaul data traffic for cache
update is calculated by summing up the increment of all clips
required by every cache, and then subtracting the part saved
by network coding.

Since ∆𝑉𝑖,𝑘 (𝑡) is fixed for cache 𝑖 of video clip 𝑘 at time-
slot 𝑡, to minimize the backhaul traffic consumed by cache
updates, we need to maximize the backhaul traffic saving
𝐵𝒬 (𝑡) by properly choosing the cooperating cache pairs 𝒬 (𝑡).
We can generalize this as the following optimization problem:

max
𝒬(𝑡)

𝐵𝒬 (𝑡) , (11)

𝑠.𝑡. 𝑖, 𝑗 ∈ 𝒬 (𝑡). (12)

The 𝐵𝑖,𝑗 (𝑡) consists of all possible pairs as illustrated
in Table 1. The optimization problem can be viewed as a
Maximum Weighted Matching (MWM) problem: the optimal
matching is sought such that the total weight of the links in
the matching set 𝒬 (𝑡) is maximized. In the following section,
we will propose a heuristic optimization approach for this
problem.

Table 1: Aggregate data volume between cache 𝑖 and
𝑗.

Cache 1 Cache 2 Cache 3 ...

Cache 1 - 𝐵1,2 (𝑡) 𝐵1,3 (𝑡) ...

Cache 2 𝐵2,1 (𝑡) - 𝐵2,3 (𝑡) ...

Cache 3 𝐵3,1 (𝑡) 𝐵3,2 (𝑡) - ...

... ... ... ... ...

3 HARMONY SEARCH ALGORITHM

Optimal MWM problem solutions, although polynomial time,
are time-consuming. Gabow et al. in [5] showed that weighted
matching problem has a running complexity of 𝑂(|𝑉 ||𝐸|+
|𝑉 |2 log |𝑉 |), where |𝑉 | and |𝐸| are the number of vertices
and edges in a graph respectively. Specifically in this problem,
we have |𝑉 | = 𝑁cache and |𝐸| =

(︀
𝑁Cache

2

)︀
, the complexity of

optimal MWM is 𝑂
(︀
𝑁3

)︀
for a fixed 𝑁 = 𝑁Cache. Hence in

this section, a heuristic algorithm called Harmony Search
(HS) is proposed. Inspired by the improvisation of musicians,
the algorithm of the harmony search [25] selects input itera-
tively from a harmony memory (HM) for each optimization
variable (“chord”) and then evaluates the output. If the out-
come is better than the existing one, the combination of the
input will be recorded and the HM is updated accordingly.
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The iteration terminates when certain criteria are met e.g. a
certain number of iterations have been executed. However, for
a fixed HM described above, harmony search can only provide
a local optimal solution. A simple modification is also provid-
ed in [25] by introducing a harmony memory considering rate
(HMCR) and a pitch adjusting rate (PAR). Briefly speaking,
HMCR allows the musician to select a pitch from the univer-
sal set instead of solely from HM with a certain probability,
while PAR allows the musician, after having selected a pitch,
to substitute the selected pitch with a neighboring one. In
other words, HMCR and PAR enable the algorithm to reach
solutions outside the HM with certain probability. Also in
[13], harmony search is enhanced by letting PAR varying
within a calculated range during iterations instead of being
set fixed throughout the test and here we will adopt this
strategy.

To apply the improved harmony search to our problem,
some modifications are necessary. The structure of the HM is
shown in Table 2, where 𝑁HMS denotes the harmony memory

Table 2: Harmony memory structure.

Cache 1 2 · · · 𝑁Cache (0) Evaluation

𝐶1
1 𝐶2

1 · · · 𝐶
𝑁Cache
1 𝐶0

1 𝐵𝑄1 (𝑡)

𝐶1
2 𝐶2

2 · · · 𝐶
𝑁Cache
2 𝐶0

2 𝐵𝑄2 (𝑡)

· · · · · · · · · · · · · · · · · ·
𝐶1

𝑁HMS
𝐶2

𝑁HMS
· · · 𝐶

𝑁Cache
𝑁HMS

𝐶0
𝑁HMS

𝐵𝑄𝑁HMS
(𝑡)

size (HMS), i.e. the number of partners for each cache to
select to cooperate in HM and 𝑁HMS ≤ 𝑁Cache. Also, the
dummy cache 0 is considered in this structure if 𝑁Cache is
odd. 𝐶𝑖

𝑗 represents the rank 𝑗 choice of cache in the HM to

be cooperating with cache 𝑖 and 𝐶𝑖
𝑗 ̸= 𝑖. Moreover, 𝐵𝒬𝑗 (𝑡)

in the Evaluation column stands for the 𝐵𝒬 (𝑡) value of
rank 𝑗 in the HM and 𝐵𝒬𝑗 (𝑡) follows a decreasing order, i.e.
𝐵𝒬1 (𝑡) ≥ 𝐵𝒬2 (𝑡) ≥ · · · ≥ 𝐵𝒬𝑁HMS

(𝑡). Each row in Table.

2 corresponds to one possible set of pairings and the higher
the row is, the more traffic can be saved via network coding.
And after termination of the harmony search, the result of
row 1 will be selected as the output.

Harmony memory is initialized by randomly assigning 𝐶𝑖
𝑗

a cache index such that 𝐶𝑖
𝑗 ̸= 𝑖 and all 𝐵𝒬𝑗 (𝑡) are set zero.

Different from the harmony search in [25] in which all optimiz-
ing variables can be selected independently, in this problem
caches select partners in sequence so that conflicting pairing
can be avoided. Without loss of generality we start from cache
1. Let cache 1 select its partner from

{︀
𝐶1

1 , 𝐶
1
2 , . . . , 𝐶

1
𝑁HMS

}︀
with probability 𝑃HMCR or from cache {2, . . . , 𝑁Cache} with
probability 1 − 𝑃HMCR. After selecting a partner, cache 1
may substitute the index of its partner with 𝐶𝑖

𝑗 +1 or 𝐶𝑖
𝑗 − 1

with probability 𝑃PAR. In [13], the harmony search algorithm
is improved by letting PAR vary within a provided range
instead of being fixed; here we will adopt this strategy. Now
the partner of cache 1 is determined and the algorithm can
proceed to the next cache in the HM. For any following cache
𝑖, if it has been assigned to pair with another cache, the

algorithm will jump to the next one. Otherwise it will select
a partner via the same procedure of cache 1. After all caches
are paired, calculate the corresponding 𝐵𝒬 (𝑡) and update
the HM in accordance to the value of 𝐵𝒬 (𝑡).

The procedure of harmony search for this problem is de-
scribed in Algorithm 1, where PARmin and PARmax repre-
sent the lower/upper bound of PAR value, bwmin and bwmax

stand for the lower/upper bound of pitch adjusting range,𝑁Itr

denotes the total number of iterations and function rand()
returns a uniformly distributed value between (0, 1). During
the procedure of Algorithm 1, when half of the caches are
processed, the other half are automatically paired. For a fixed
number of iterations, the running time of Algorithm 1 is
linear to 𝑁Cache.

Algorithm 1 Harmony search algorithm for cache pairing

Input: 𝐶𝑖
𝑗 , PARmin,PARmax,bwmin,bwmax,𝐵𝒬𝑗 (𝑡),

𝑁Itr,𝑃HMCR;
1: for 𝐼𝑡𝑟 = 1 to 𝑁Itr

2: Calculate 𝑃PAR = PARmin + PARmax−PARmin
𝑁Itr

𝐼𝑡𝑟, and

bw = bwmax exp

(︂
ln

(︁
bwmin
bwmax

)︁
𝑁Itr

𝐼𝑡𝑟

)︂
[13];

3: for 𝑖 = 1 to 𝑁Cache

4: if cache 𝑖 is not paired
5: 𝑟1 = 𝑟𝑎𝑛𝑑();
6: if 𝑟1 ≤ 𝑃HMCR

7: randomly pick a partner from available 𝐶𝑖
𝑗 ;

8: else
9: randomly pick a partner from all available

caches;
10: end
11: 𝑟2 = 𝑟𝑎𝑛𝑑();
12: if 𝑟2 ≤ 𝑃PAR

13: if 𝑟2 ≤ 0.5
14: shift the picked partner cache index by

⌈bw · 𝑟2⌉
15: else
16: shift the picked partner cache index by

−⌈bw · 𝑟2⌉
17: end
18: end
19: Label the picked cache as paired ;
20: end
21: end
22: Calculate corresponding 𝐵𝒬 (𝑡)
23: if 𝐵𝒬 (𝑡) > 𝐵𝒬1 (𝑡)
24: Let all 𝐵𝒬𝑗 (𝑡) = 𝐵𝒬𝑗−1 (𝑡) , 𝑗 ∈ {2, . . . , 𝑁HMS}, and

𝐵𝒬1 = 𝐵𝒬 (𝑡);
25: Let all 𝐶𝑖

𝑗 = 𝐶𝑖
𝑗−1, 𝑗 ∈ {2, . . . , 𝑁HMS} , 𝑖 ∈

{1, . . . , 𝑁Cache}, and let 𝐶𝑖
1 be the picked correspond-

ing partners during this iteration;
26: end
27: end
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4 NUMERICAL RESULTS

We first describe the simulation setup before presenting the
numerical results. The Netflix Prize data set [2] is adopted
as the source of video requests. The data cover a period
of 731 days. For the harmony search algorithm, we set the
value of HMCR to be 0.85 as [25] and [13] suggest. And for
simplicity, we assume that the size of each cache is the same
and equal to 12 TB with 𝐾 = 12000. For comparison, some
other solutions are also considered:

∙ The optimal solution. For the optimal solution, we
directly apply the MWM tool [18] which is developed
from the algorithm in [6].

∙ Path growing algorithm. The path growing algorith-
m provided in [3] starts from an arbitrary point and
searches for the path with largest weight value, and put
the path link (selected pairs of points) into matched
set. The procedure of the path growing algorithm is
described in Algorithm 2. The path growing algorith-
m has a running time of 𝑂 (|𝐸|) where 𝐸 stands for
the set of edges among all vertices in the graph. Since
|𝐸| =

(︀
𝑁Cache

2

)︀
the running time of this algorithm is

then 𝑂
(︀
𝑁2

)︀
for a fixed 𝑁 = 𝑁Cache [15].

∙ Random pairing. As the name suggests, it groups caches
into pairs uniformly at random.

∙ No inter-cache cooperation. Each cache updates inde-
pendently from the server without any coordination
with the other cache.

Algorithm 2 Path Growing Algorithm

Input: 𝑀1 = ∅,𝑀2 = ∅,idx = 1;
1: while elements in Table 1 are not all zeros
2: arbitrarily choose a cache 𝑖 such that at least one

𝐵𝑖,𝑘 (𝑡) ̸= 0, 𝑘 ∈ {1, . . . , 𝑁Cache};
3: while at least one 𝐵𝑖,𝑘 (𝑡) ̸= 0, 𝑘 ∈ {1, . . . , 𝑁Cache};
4: choose cache 𝑗 such that {𝑖, 𝑗} = argmax𝐵𝑖,𝑗 (𝑡);
5: put {𝑖, 𝑗} into 𝑀idx;
6: idx = 3− idx;
7: set all 𝐵𝑖,𝑘 (𝑡) = 𝐵𝑘,𝑖 (𝑡) = 0, 𝑘 ∈ {1, . . . , 𝑁Cache}
8: let 𝑖 = 𝑗;
9: end

10: end
11: calculate 𝐵𝒬 (𝑡) of 𝑀1,𝑀2 correspondingly and output

the one with higher 𝐵𝒬 (𝑡) value.

The results of backhaul data traffic plotted versus the
number of caches are provided in Fig. 2. The backhaul traffic
of all methods increases as more caches are added to the
system, since the source server has to serve more requests.
Also, it can clearly be observed that when caches are grouped
into pairs for cooperation, backhaul traffic can be saved. This
is observed by comparing the ‘no cooperation’ case with the
other curves. Note that the gap between the ‘no cooperation’
case and other curves becomes more significant as the number
of caches increases. As stated previously under (8), this can be
attributed into two factors: network coding, and the savings

of fine-grained SVC. Additionally, for any given number of
caches, the average PSNR of all methods is identical while it
ranges from 49.30 dB to 49.36 dB as the number of caches
increases from 5 to 18.
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Figure 2: Backhaul traffic versus 𝑁Cache for different
approaches.

To further compare the performance in terms of backhaul
traffic savings, the 𝐵𝒬 (𝑡) value of all approaches is provided
in Fig. 3. This figure represents the traffic saved on the
backhaul network. Therefore, a higher curve suggests that its
corresponding approach results in more bandwidth savings.
As can be seen in the figure, the performance of both the
harmony search and the path growing algorithm are close to
that of the optimal solution, and the the savings achieved by
the harmony search is slightly higher than that of the path
growing algorithm. The performance difference between the
harmony search and the path growing may seem small, but
the harmony search is still more preferable considering that
the computing complexity of the growing path algorithm is
proportional to the square of the number of caches, compared
to harmony search’s linear complexity. In the following part
we will show that the harmony search can actually achieve
more backhaul traffic savings than path growing. Random
pairing simply groups any two caches into pairs with equal
probability and does not make any effort to seek pairing with
better performance, hence it only provides the worst result
among all approaches.

The results on percentage of performance loss of each
method as compared to the optimal result are provided in Fig.
4 and the maxima of each method are listed in Tab. 3. Path
growing is an approximation of maximum weighted matching
with reduced computing complexity. It can also perform close
to the optimal (only having a 1% to 3% performance loss
compared to the optimum). Moreover, the harmony search
algorithm provides better performance, especially when the
number of caches (𝑁Cache) is low. The maximum gap between
the performance of the harmony search and the optimum
is around 2%. As stated previously, the running time com-
plexity of the harmony search is linear to 𝑁Cache for fixed



CFI’19, August 7–9, 2019, Phuket, Thailand Gong and Woods, et al.

4 6 8 10 12 14 16 18

Number of caches

0

0.5

1

1.5

2

2.5

D
a
i
l
y
 
t
r
a
f
f
i
c
 
s
a
v
e
d
 
(
T
B
)

B
Q
(t)

Optimal
PG
HS
Random

Figure 3: Data traffic on the interlink versus 𝑁Cache

for different approaches.

iteration numbers while the growing path’s is proportional
to the square of 𝑁Cache. Therefore, harmony search is more
preferable than MWM approximation algorithms like path
growing, since harmony search can provide similar or better
result with less computing time when 𝑁Cache is large.
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Figure 4: Percentage of performance loss comparing
to optimum solution.

Table 3: Maximum performance loss comparing to
optimal solution in Fig. 3.

Pairing method Loss max(%)

Path growing 3.3750

Harmony search 2.0104

Random pairing 16.3236

Note that shapes of all curves in Fig. 3 follow a zigzag
pattern, i.e. when 𝑁Cache steps from an even number to an
odd number the increase of backhaul traffic savings is smaller
than stepping from odd to even. This can be attributed to

the fact that when 𝑁Cache is odd, there will always exist a
non-cooperating cache which reduces the amount of backhaul
traffic savings. And when 𝑁Cache is even, all caches can be
paired and hence more traffic can be transferred from the
backhaul to the interlinks between the caches.

5 CONCLUSION

In this paper, a maximum weighted matching problem of
cache pairing is considered. Within a VoD system, caches
cooperate in pairs in order to reduce the backhaul data traffic
via fine-grained SVC and XOR network coding, and we con-
centrate on finding the (near) optimal pairing solution. To
solve this problem, the harmony search algorithm is adopted.
Besides the optimal MWM solution, an approximate path
growing, a random pairing approach and the scenario of not
applying cache pairing are also considered for comparison. Nu-
merical results show that by applying cache pairing, backhaul
data traffic can be significantly saved. By optimally selecting
cooperating pairs, one can further reduce this backhaul traf-
fic. Both the path growing and harmony search algorithms
can achieve no more than 4 percent of the performance loss
compared to the optimal solution. Since the harmony search
can yield better performance savings at lower computing
complexity, it may be preferable to use it in practice.
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