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Abstract—Since the emergence of Content Centric Networking
(CCN) as a new paradigm for content delivery in the Internet,
copious of research targeted the evaluation or the enhancement
of CCN caching schemes. Motivated by providing the Internet
Service Providers with incentives to perform caching, the in-
creasing deployment of in-network cloudlets, and the low cost of
storage devices, we study caching in CCN from an economical
point of view, where the content providers pay the Internet
Service Providers in exchange for caching their content items.
We propose an online caching algorithm for CCN that does
not require the exact knowledge of content items’ popularities
to minimize the total cost paid by the content providers. The
total cost here is the sum of the caching costs and the retrieval
costs. Our analysis shows that the proposed algorithm achieves
an O(1) competitive ratio when compared to the optimal offline
caching scheme that possesses the exact knowledge of content
items’ popularities. We also show through simulations thatthe
proposed algorithm can cut the cost incurred by widely used
caching schemes such as Leave Copy Down (LCD) and Leave
Copy Everywhere (LCE) by up to 65%.

I. I NTRODUCTION

With the proliferation of multimedia content (video, audio,
images, ...) generation and sharing, the Internet is becoming
more into a content distribution system. According to the latest
Cisco report [1], 55% of data traffic in 2014 is due to video
applications, and the percentage is expected to rise to 72%
by 2019. As the Internet architecture is based on a host-to-
host communication, it is not suitable for content distribution.
Recently, Content Centric Networking (CCN), a new paradigm
for content delivery in the Internet, has been proposed [2].

Since Internet users are interested in the content itself and
not its location, routing in CCN is based on the content’s
name instead of the IP address of the content’s source. Content
items are given hierarchical names that are understood by the
intermediate nodes, and the nodes apply longest prefix match
on the content’s name for routing decisions [2]. More impor-
tantly, nodes in CCN are deployed with storage capabilities
that allow the nodes to cache popular content items in order to
satisfy future requests. This leads to bandwidth savings aswell
as latency reduction [2]. Therefore, adopting a well-designed
caching policy has a big impact on the performance of CCN.

Since its proposal, a lot of research targeted the analysis
or the enhancement of CCN performance. Regarding the
analysis of CCN, the authors in [3] evaluate the benefits of
caching in CCN via trace-driven analysis. The work in [4]
analyzes the properties of CCN, specially its fairness, via
analytical framework. The work in [5] provides a survey of

different architectures of Information Centric Networks such
as CCN and DONA [6], comparing them in terms of different
parameters such as naming, security, routing, and transport.
Through simulations, the work in [7] concludes that some
types of content items such as Video-on-Demand are better
being cached at the edge of the network, while other types of
content items such as file sharing are better being cached at
the core of the network. The work in [8] provides an analytical
model for CCN. However, the model applies to a single cache
or to networks with certain structures such as cascaded or
binary tree networks.

Regarding the enhancement of CCN performance, the work
in [9] proposes an optimization problem to minimize the total
cost of content retrieval given content items’ popularities,
cache sizes, and links’ capacities. The optimization problem
is solved in an offline fashion, where the exact content
items’ popularities are known. The work in [10] provides
an optimal caching strategy to minimize the average latency
experienced by end users when the nodes either coordinate or
do not coordinate with each other to reach an optimal caching
decision. The work in [11] proposes an energy consumption
model for CCN and formulates an optimization problem to
minimize the total power consumption of CCN given the
content items’ popularities and the cache sizes. The authors
in [12] study caching in CCN by formulating an optimization
problem with the objective of minimizing the inter-ISP traffic
or the average access latency. The work in [13] presents
an optimization problem for joint caching and routing to
minimize the total energy consumption. All of the above-
mentioned studies require the exact knowledge of content
items’ popularities, which leads to offline solutions, in which
the content items are cached in the network before the content
items are requested.

Since estimating the exact content items’ popularities is
hard in reality, a lot of studies targeted the design of online
algorithms, in which the exact knowledge of content items’
popularities is not required, and the algorithm’s decisionis
made after the content is requested. The original CCN proposal
caches any new content and performs Least Recently Used
(LRU) as a caching replacement policy [2]. The work in [12]
also proposes an online algorithm that caches the content
items on the en-route path. However, the authors do not
provide any analysis regarding the performance guaranteesof
the algorithm. The work in [14] proposes an online caching
strategy for CCN that caches the most popular content items.



Each node counts the number of requests it received for
a content, caches the content when the counter exceeds a
certain threshold, and applies LRU as a replacement policy.
The work in [15] improves upon the work in [14] by always
caching new content items when the cache is underutilized.
When the cache is full and the counter of a content reaches a
certain threshold, the content is cached using LRU replacement
policy. Otherwise, the content will not be cached. The work
in [16] provides an online caching scheme to minimize the
total energy consumption of CCN. All of these studies do not
provide analysis regarding the performance guarantees of the
proposed caching schemes. Other studies considered caching
but in different settings such as Data Center networks [17],
En-route caching [18], and cellular networks [19, 20].

Different from the above-mentioned studies, we consider
caching in CCN from an economical point of view. Our
objective is to minimize the overall cost paid by the Content
Provider (CP) by introducing a realistic economical model for
the Internet Service Provider (ISP) and the CP. In this model,
retrieving the content incurs two costs. The first type of cost
is the caching cost, where the CP has to pay to the ISP in
exchange for caching its content items. This is motivated by
the increasing trend of using in-network cloudlets, services,
and middleboxes, in which the storage and computations are
performed at small clouds installed in the nodes of the network
[21–24]. Note that previous work on CCN caching do not
consider caching costs, and thus do not provide incentives for
the ISP to cache. By introducing caching costs, we consider a
realistic model that provides incentives for the ISP to cache.

The second type of cost is what we call the retrieval cost.
This cost represents the cost of retrieving the content from
other nodes. The retrieval cost can be either a user attrition
cost (i.e. the expected cost of losing users to other CPs), orthe
cost of using the links’ bandwidth. These two types of costs
yield a tradeoff on where the content items are cached in order
to minimize the total cost paid by the CP. The procedure of
billing the CP can be similar to Amazon EC2 billing procedure
[25].

In this work, we make the following contributions:
(1) We study the problem of content distribution in CCN

from an economical point of view, in which the content
provider is charged in exchange for caching its content items
and using the network resources.(2) In the case where the ISP
evicts the content items from the cache every period of time,
we propose an Online algorithm for Caching in CCN (OC3N )
that does not require the exact knowledge of content items’
popularities, with the objective of minimizing the total cost
paid by the content provider. This case is motivated by the
fact that the caching cost can vary periodically such as every
hour as in Amazon EC2 Spot Instances [26]. The algorithm
is executed periodically and the content items are evicted at
the end of each period.(3) Through detailed analysis, we
show thatOC3N achieves anO(1) competitive ratio when
compared to the optimal omniscient offline algorithm.(4)
Motivated byOC3N , we propose a heuristic for the cases
where the CP desires to cache its content items for a fixed time,

and the caching cost does not change.(5) Through simulations,
we show thatOC3N can cut the total cost incurred by
currently deployed caching schemes in CCN, namely Leave
Copy Down (LCD) and Leave Copy Everywhere (LCE) [27],
by up to 65%.

II. SETTINGS

We consider a network consisting ofI =
{1, 2, . . . , i, . . . , I} of cache-capable nodes. In the rest of the
paper, we use the words node and cache interchangeably.
We haveJ = {1, 2, . . . , j, . . . , J} content items with sizes
S = {s1, s2, . . . , sj , . . . , sJ} that can be requested by
K = {1, 2, . . . , k, . . . ,K} users.

We assume that the cache size of each node is very
large, and instead of imposing cache capacity constraints,we
associate a costfij with caching thej-th content at thei-
th node. Due to the fast development and cost reduction of
storage devices, the cache size can be very large with low
cost. Moreover, having a caching cost will limit the number
of content items cached at a node, and the cache capacity will
not be violated.

Let T k
ij denote the retrieval cost associated with retrieving

the j-th content for thek-th user from thei-th node. If we
associate a cost between any two directly connected nodes,
then T k

ij can be computed using the minimum cost path
between thei-th node and thek-th user.

III. O NLINE ALGORITHM

In the online version of the problem, the decision of whether
to cache a content or not is made when the content is
requested. The online algorithm has to make a decision of
whether to cache the content at a node or not, and from which
node the content is retrieved in order to satisfy the request.

In this section, we present our online algorithm for caching
in CCN (OC3N ). The algorithm takes advantage of inherent
CCN features such as broadcasting of requests for content
items. The difference is that the objective ofOC3N is
to minimize the total cost paid by the content provider.
The algorithm is lightweight in that it can be implemented
with small overhead. Moreover,OC3N is implemented in
a distributed way, and does not require the knowledge of
the network topology or content items’ popularities. Since
knowledge of network topology is not required, the algorithm
can by executed by the CP. The algorithm works as follows:

(1) When a requestvj for the j-th content is generated by
the k-th user, the user sends the request to next-hop nodes,
with initial Time-to-Live (TTL) value.

(2) At the node that received the request, if the content is
not found and TTL value is greater than 0, the node decreases
the TTL value by 1, and sends the request to next-hop nodes.
The process continues until the content is found or TTL value
reaches 0.

(3) If vj is the first request for thej-th content received
by the i-th node, thei-th node initializes a potential function
p(i, j) = 0. Otherwise, p(i, j) =

∑
v′∈V j

i
[d(W j

v′ , v′) −

d(i, v′)]+, whereV j
i is the set of requests for thej-th content



received by thei-th node excluding the current requestvj ,
d(i, v′) = T k′

ij where k′-th user has generated requestv′,
W j

v′ is the set of nodes caching thej-th content when
requestv′ is satisfied,d(W j

v′ , v′) ≡ mini′∈W j

v′
d(i′, v′), and

[x]+ , max{x, 0}.
(4) If TTL value reaches 0 and the content is not found,

feedback messages are sent back to thek-th user indicating
that the content is not found, along with the current value of
p(i, j), the caching costfij , and retrieval costT k

ij of each
node i on the path of the feedback messages. Thek-th user
then increases the initial TTL value and resend the request.
The process is repeated until the content item is found.

(5) When the content item is found (possibly at multiple
nodes), the feedback messages indicate where the content item
was found, along with the current values ofp(i, j), fij , and
T k
ij of each nodei on the path of the feedback messages that

did not relay their corresponding values to thek-th user in
previous feedback messages before thek-th user increased the
TTL value.

(6) The k-th user identifies the nodew ←
argmaxi(p(i, j) + [d(W j

v , v
j)− d(i, vj)]+ − fij).

(7) If p(w, j) + [d(W j
v , v

j) − d(w, vj)]+ − fwj ≤ 0, the
k-th user decides not to cache the content at a new node,
and sends the value ofd(W j

v , v
j) to all nodes in order for

each nodei to update its potential function according to
p(i, j) = p(i, j) + [d(W j

v , v
j) − d(i, vj)]+. Otherwise, thek-

th user sends a message to all nodes indicating that nodew
will cache the content, the nodew′ ← argmini′∈W j

v
d(i′, v)

from which nodew should retrieve the content, and the value
of d(W j

v ∪ {w}, v
j) in order for each node to recompute its

potential function.
(8) Nodew then retrieves the content fromw′ and caches

a copy of the content.
(9) The k-th user then retrieves thej-th content from the

node caching thej-th content and from which the retrieval
cost is minimum.

TheOC3N algorithm is presented in Algorithm 1.
We note that there is an overhead required when executing

the OC3N algorithm (we explain the required overhead in
details in Section V). However, this overhead is independent
of the content’s size. Therefore, as the size of the content
becomes larger, which is the case for future content delivery
traffic, the overhead will not grow.

IV. PERFORMANCEANALYSIS

A. Preliminaries

We use the concept of competitive ratio in order to charac-
terize the performance of the online algorithm. The concept
of competitive ratio has been used in other works, but for
different problems such as online routing [28] or energy
efficiency [29]. We define the competitive ratio as the worst-
case ratio of the total cost incurred by the online algorithmto
that of the total cost incurred by the optimal offline algorithm,
i.e., if we denote the total cost incurred by the online algorithm

Algorithm 1 Online Algorithm for Caching in CCN (OC3N )

V j
i ← φ,Cost(j) = 0, p(i, j) = 0, ∀i ∈ I, j ∈ J

for each new requestvj for the j-th content generated by
the k-th userdo

Start Exploration Phase
tvj ← initial TTL
W j

v ← φ
while W j

v = φ do
broadcast requestvj to all nodes withintvj hops from
k-th user
W j

v ← set of nodes caching thej-th content
if W j

v = φ then
increasetvj

End Exploration Phase

for all nodesi within tvj hops fromvj do
V j
i ← V j

i ∪ {v
j}

updatePotentials(W j
v , v

j){
p(i, j) = p(i, j) + [d(W j

v , v
j)− d(i, vj)]+

}

w ← argmaxi(p(i, j)− fij)
if p(w, j)− fwj > 0 then
w′ ← argmini′∈W j

v
d(i′, v)

Cost(j) = Cost(j) + fwj + d(w′, w)
W j

v ←W j
v ∪ {w}

for all nodesi within tvj hops fromvj do
computeNewPotentials(V j

i , w){
p(i, j) =

∑
v′∈V j

i
[d(W j

v′ ∪ {w}, v′)− d(i, v′)]+

}

Start Assignment Phase
assignvj to α = argmini′∈W j

v
d(i′, vj)

Cost(j) = Cost(j) + d(α, vj)
End Assignment Phase

by Con, and the total cost incurred by the offline algorithm by
Coff , then the competitive ratio is:

sup
all input
sequences

Con
Coff

.

Having a small competitive ratio means that the total cost
incurred by the online algorithm is close to that of the total
cost incurred by the optimal offline algorithm.

Before we present the performance analysis, we point out
the following observation. The decision of caching a content
at a node and updating the potential function for a content is
independent from the other content items. So we can view our
problem asJ independent caching subproblems. In the sequel,
we only consider a single content, and hence, the content-index
j is omitted in the subscript of the symbols used throughout
the rest of the paper. Moreover, in the online algorithm and in
the proof of the competitive ratio, every term will be multiplied



by the content sizesj . For simplicity, we setsj = 1. This will
not affect the final result of the proof.

To characterize the competitive ratio achievement of the
algorithm, we compare the algorithm’s cost with the cost of
the optimal offline solution. In the optimal offline solution, let
W ∗ denote the set of nodes caching the content. Then, the
cost of the offline optimal solution is given by:

C∗ =
∑

w∈W∗

fw +
∑

v∈V

d(W ∗, v) (1)

B. Proof Outline

Let the optimal offline solutionW ∗ consist ofL caches
c1, c2, . . . , cl, . . . , cL. In the optimal offline solution, each
request is satisfied by retrieving the content from a cache.
Hence, W ∗ divides the requests into optimal clusters
C1, C2, . . . , Cl, . . . , CL. For example, if the optimal solution
decides to cache a content in three cachesc1, c2, and c3,
then the first clusterC1 consists of all requests retrieving the
content fromc1, the second clusterC2 consists of all requests
retrieving the content fromc2, and so on.

We start by proving thatOC3N maintains the invariant
p(i) ≤ fi for all i (Lemma 1). Based on Lemma 1 and
the triangular inequality, we show that the sum of the costs
between the optimal cachecl and the online cache inWv with
the minimumd(Wv, v) for all requestsv ∈ Cl is less than
fcl +2

∑
v∈Cl

d(cl, v). This is used to show that the retrieval
cost incurred byOC3N is within a constant factor of the total
optimal costC∗ (Lemma 2).

For each new requestv, we define a creditĉ(v) =
min{d(Wv, v),mini{fi − p(i) + d(i, v)}}. We show that
ĉ(v) = fw − p(w) + d(w, v), if v causes the content to be
cached atw, and ĉ(v) = d(Wv , v) otherwise (Lemma 3). We
then show that the total caching cost incurred byOC3N is
bounded by the total credit for all requests, which in turn is
within a constant factor of the optimal offline costC∗. (Lemma
4).

Lastly, using Lemma 2, Lemma 4 and the triangular in-
equality, we show that if the algorithm decides to cache at a
new cachew, then the cost of transferring the content from the
old cache to the new cache is within a constant factor of the
total optimal costC∗ (Lemma 5). By combining the bounds
from Lemma 2, Lemma 4, and Lemma 5, we show that the
competitive ratio ofOC3N is O(1).

C. The Proof

Lemma 1. p(i) ≤ fi, ∀i ∈ I.

Proof: The proof is presented in Appendix A.
The next lemma bounds the retrieval cost incurred by

OC3N .

Lemma 2. Let V be the set of requests, and let∑
v∈V d(Wv , v) denote the total retrieval cost incurred by

OC3N . Then
∑

v∈V

d(Wv , v) ≤ 3C∗

Proof: Let Cl be an optimal cluster with cachecl. For
each request̂v ∈ Cl, let Wv̂ be the set of caches caching
the content at the end of the assignment phase of requestv̂ in
OC3N . Then, using triangular inequality we haved(Wv̂, v̂) ≤
d(Wv̂, cl) + d(cl, v̂). Summing over all̂v ∈ Cl, we get

∑

v̂∈Cl

d(Wv̂ , v̂) ≤
∑

v̂∈Cl

d(Wv̂, cl) +
∑

v̂∈Cl

d(cl, v̂) (2)

Now for the optimal clusterCl with cachecl we have:

p(cl) =
∑

v∈Vcl

[d(Wv, v)− d(cl, v)]
+

≥
∑

v∈Cl

[d(Wv , v)− d(cl, v)]

≥
∑

v∈Cl

[d(Wv , cl)− d(cl, v)− d(cl, v)]

≥
∑

v∈Cl

d(Wv, cl)− 2
∑

v∈Cl

d(cl, v)

where the second inequality is obtained by using the triangular
inequality (i.e.d(Wv, v) ≥ d(Wv, cl)− d(cl, v)).

Using the invariantfcl ≥ p(cl) from Lemma 1 and rear-
ranging the terms, we get:

∑

v∈Cl

d(Wv , cl) ≤ fcl + 2
∑

v∈Cl

d(cl, v) (3)

Substituting (3) into (2) we get
∑

v̂∈Cl

d(Wv̂ , v̂) ≤ [fcl + 3
∑

v∈Cl

d(cl, v̂)]

≤ 3[fcl +
∑

v̂∈Cl

d(cl, v̂)]

The lemma follows by summing over all clusters.
We bound the total caching cost incurred byOC3N in the

next two lemmas. First, we show that the creditĉ(v) = fw −
p(w) + d(w, v), if v causes the content to be cached atw,
and ĉ(v) = d(Wv, v) otherwise. Then we show that the total
caching cost is bounded by the total credit for all requests,
which in turn is within a constant factor of the optimal offline
costC∗.

Lemma 3. For each new requestv, letWv be the set of caches
caching the content seen by requestv after the exploration
phase inOC3N . Thenĉ(v) = fw−p(w)+d(w, v) if v causes
the content to be cached atw, andĉ(v) = d(Wv, v) otherwise.

Proof: The proof is presented in Appendix B.
The next lemma shows that the total caching cost incurred

by OC3N is upper bounded by the total optimal costC∗.

Lemma 4. Let V be the set of requests, and letWv be the
set of caches caching the content seen by requestv after the
exploration phase inOC3N . LetW denote the set of caches
caching the content after all the requests inV have been
considered and let

∑
w∈W fw denote the total caching cost

incurred byOC3N . Then
∑

w∈W

fw ≤ 3C∗



Proof: We first show that the total caching cost incurred
by OC3N is upper bounded by the total credit for all requests.
We do this by a potential function argument. We define the
potential functionΦ =

∑
v∈V d(Wv, v) and calculate the

change∆Φ in the value of the potential function when a new
requestv is considered. Letp(i) be the value of the potential
function of thei-th cache just before the new requestv arrives.

If the new requestv does not cause the content to be
cached at a new cache (i.eWv is not changed), then∆Φ =
d(Wv, v) = ĉ(v) by Lemma 3. Otherwise, ifv causes the
content to be cached atw, then d(Wv ∪ {w}, v) = d(w, v)
(recall (5) in Lemma 1), andd(Wv′ , v′)−d(Wv′ ∪{w}, v′) =
[d(Wv′ , v′)− d(w, v′)]+ for all v′ ∈ V . Therefore,

∆Φ =
∑

v′∈V ∪{v}

d(Wv′ ∪ {w}, v′)−
∑

v′∈V

d(Wv′ , v′)

= d(w, v) −
∑

v′∈V

[d(Wv′ , v′)− d(Wv′ ∪ {w}, v′)]

= d(w, v) −
∑

v′∈V

[d(Wv′ , v′)− d(w, v′)]+

≤ d(w, v) −
∑

v′∈Vw

[d(Wv′ , v′)− d(w, v′)]+

= d(w, v) − p(w)

where the last equality follows from the definition ofp(w).
From Lemma 3, we havêc(v) = fw−p(w)+d(w, v) ≥ fw+
∆Φ. Therefore,

∑
v∈V ĉ(v) ≥ Φ +

∑
w∈W fw ≥

∑
w∈W fw

sinceΦ ≥ 0.
Now we use (3) in Lemma 2 to show that the total credit

of the requests inV is within a constant factor of the total
optimal costC∗. Let Cl be an optimal cluster with cache
cl. Let nl ≡ |Cl| be the number of requests inCl, and
let v1, v2, . . . , vn, . . . , vnl

be the requests inCl in the order
considered byOC3N . For each requestvn ∈ Cl, let Wvn

be the set of caches caching the content at the end of the
assignment phase of requestvn in OC3N .

The credit of each requestvn is ĉ(vn) ≤ min{d(Wvn , v̂),
fcl+d(cl, vn)} (using Lemma 3). For the first request,ĉ(v1) ≤
fcl +d(cl, v1). For the remaining requestsvn, n ≥ 2, we have

ĉ(vn) ≤ d(Wvn , vn) ≤ d(Wvn , cl) + d(cl, vn)

where the second inequality follows from the triangular in-
equality.

Summing over allvn ∈ Cl, we get

ĉ(v1) +

nl∑

n=2

ĉ(vn) ≤ fcl + d(cl, v1)

+

nl∑

n=2

[d(Wvn , cl) + d(cl, vn)]

≤ fcl +

nl∑

n=1

d(Wvn , cl) +

nl∑

n=1

d(cl, vn)

≤ 2fcl + 3

nl∑

n=1

d(cl, vn) ≤ 3[fcl +

nl∑

n=1

d(cl, vn)]

where the third inequality follows by using (3) in Lemma 2.
Summing over all clusters we get that

∑

w∈W

fw ≤
∑

v∈V

ĉ(v) ≤ 3C∗

In the next lemma, we use the triangular inequality, Lemma
2, and Lemma 4 to show that the total cost incurred byOC3N
when the content is transferred to a new cachew is within a
constant factor of the total optimal costC∗.

Lemma 5. In OC3N , let V denote the set of requests and let
V ′ ⊂ V denote the subset of requests that caused the content
to be cached at a new cache. For allv ∈ V ′, let Wv denote
the set of caches seen by requestv after the exploration phase,
and letwv denote the new cache. Then

∑

v∈V ′

d(Wv, wv) ≤ 9C∗

Proof: Using the triangular inequality, we have

d(Wv, wv) ≤ d(Wv , v) + d(wv , v)

≤ d(Wv , v)− d(wv , v) + 2d(wv, v)

≤
∑

v′∈Vwv

[d(Wv′ , v′)− d(wv, v
′)]+ + 2d(wv, v)

≤ p(wv) + 2d(wv, v) ≤ fwv
+ 2d(wv, v)

where the fourth inequality follows from the definition of
p(wv), and the last inequality follows from Lemma 1. Sum-
ming over allv ∈ V ′ we get

∑

v∈V ′

d(Wv, wv) ≤
∑

v∈V ′

[fwv
+ 2d(wv, v)]

≤
∑

v∈V ′

fwv
+ 2

∑

v∈V

d(wv , v) ≤ 9C∗

where the last inequality follows by using Lemma 2 and
Lemma 4.

Now we are ready to prove the competitive ratio ofOC3N .

Proposition 1. The competitive ratio ofOC3N is O(1).

Proof: From Lemma 2, we have
∑

v∈V d(Wv , v) ≤ 3C∗.
From Lemma 4, we have

∑
w∈W fw ≤ 3C∗. Finally, from

Lemma 5, we have
∑

v∈V ′ d(Wv , wv) ≤ 9C∗. The proposition
follows by combining the three bounds.

Note that this is the worst case ratio and it does not depend
on the problem size, so it is optimal from the asymptotic sense.

V. PRACTICAL ISSUES

In this section, we discuss the practical issues concerning
the implementation ofOC3N .

A. Broadcasts

ForOC3N to be implemented, two broadcasts are required.
The first broadcast includes the request itself, which is a fea-
ture of CCN. The second broadcast required is the broadcast
to notify the nodes of whether the content is to be cached at
a new node or not, along with the required information for



every node to update their potential functions. The required
information can be included in the broadcast message as three
fields. The first field is a single bit indicating whether the
content is cached at a new cache or not, the second field
contains the ID of the new cache or is left empty if the content
is not cached at a new cache, and the third field contains the
value of d(Wv, v) at the beginning of the assignment phase.
Note that the size of the second broadcast is very small when
compared to the content’s size, and therefore adds a very small
overhead to the implementation ofOC3N .

B. Retrieving from multiple nodes

In OC3N , the user first decides whether to cache the
content at a new node or not, and then retrieves the content.
Due to this implementation, only one copy of the content is
sent back to the user. Content retrieval occurs after the second
broadcast discussed previously, and this introduces additional
delays to the system.

In order to avoid these delays,OC3N implementation can
be changed to retrieve the content after the first broadcast.
This may cause multiple copies of the content to be sent
back to the user along multiple paths, and each node on
the path temporarily caches the content until it is informed
otherwise. Note that this implementation makesOC3N more
compliant to CCN, since the original implementation of CCN
can also result in retrieving multiple copies of the content
due to having a single broadcast phase. However, this causes
the competitive ratio ofOC3N to beO(n) as stated in the
following proposition.

Proposition 2. The competitive ratio ofOC3N is O(n) if the
content is retrieved from multiple nodes.

Proof: We show this proposition by an example. In this
example, the network is represented by a complete binary tree
consisting ofn nodes as shown in Figure 1. The content is
cached at every leaf of the tree and a request for the content
arrives at the root of the tree. Since there aren/2 leaves,n/2
copies will be sent back to the user (one copy will be accepted
and the rest will be discarded), and each one of those copies
has a retrieval cost that is within a constant factor of the total
optimal cost (refer to Lemma 2 in Section IV). Therefore, this
implementation will have a competitive ratio ofO(n).

C. ExecutingcomputeNewPotentials()Subroutine

In the case where the content is to be cached at a new
cache, the nodes are required to recompute their respective
potential functions by executing thecomputeNewPotentials()
subroutine. In order to do so, the nodes need to maintain a
table containing information regarding past requests for the
content. Specifically, thei-th node needs to store in its table
the values ofd(Wv , v) and d(i, v) for every requestv ∈ Vi.
As the number of requests increases, the size of the table
increases. Nevertheless, note that an individual entry in the
table is represented by two numbers. Therefore, the size of
an individual entry in the table is very small when compared

Request for Content

Nodes Caching the Content

Fig. 1: Example network used in the proof of Proposition 2

to the content’s size, and since we assume large cache sizes,
these information can be easily maintained.

D. Pricing Model

The pricing model adopted so far forOC3N is one where
the caching cost changes every period of time and the ISP
evicts the content items at the end of each period. For the
case where the content items are to be cached for a fixed time
T (like 24 hours), and the caching cost does not change, we
propose a heuristic based onOC3N , namedOC3N Fixed.
To implement this heuristic, we add an eviction phase to
Algorithm 1 after the end of the assignment phase, in order
to evict the content items after a fixed timeT .

VI. SIMULATION RESULTS

In this section, we measure the performance ofOC3N via
simulations. The simulations are run on a random topology
consisting of 100 nodes uniformly distributed in a square area
of size 2000 × 2000 square kilometers, and there is a link
connecting two nodes if the distance between them is less than
400 kilometers. We set the number of content itemsJ to 1000,
where each content has a size chosen from the set{10, 11, . . . ,
20}MB. The popularity of each content is chosen according
to a Zipf distribution [30], with parameterζ = 0.8, where the
popularity of a content of rankq is given as 1/qζ

∑
J
j=1

1/jζ
. For

the retrieval cost, we assume that the cost to transmit 2.7GB
of data over a 100km costs $1 as adopted from [31], and the
retrieval cost valueT k

i between thei-th node and thek-th user
is computed using the minimum cost path. For the caching
cost, we adopt the pricing from Amazon EC2 [32].

We first compare the performance ofOC3N vs. the per-
formance of two heuristics, Leave Copy Down (LCD) and
Leave Copy Everywhere (LCE) [27]. The results are shown
in Figure 2, where every point is the average of 100 runs.

First, we measure the effect of increasing the number of
users on the total cost of all schemes. The results are shown
in Figure 2(a). As can be seen from the figure, as the number
of users increases, the total cost of all schemes increases.This
is expected since increasing the number of users translatesinto
more requests for the content. In addition, we note thatOC3N
can cut the total cost incurred by the LCD and LCE caching



5 10 15 20 25
1000

1500

2000

2500

3000

3500

4000

4500

5000

5500

Average Number of Users per Node
(a)

T
ot

al
 C

os
t (

$)

 

 

OC3N
LCD
LCE

0.10.5 1 2 5 10
0

0.5

1

1.5

2

2.5

3
x 10

4

Ratio of Caching Cost to Retrieval Cost
(b)

T
ot

al
 C

os
t (

$)

 

 

OC3N
LCD
LCE

0.2 0.3 0.4 0.5 0.6 0.7 0.8
0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

5500

Variance of Caching Cost
(c)

T
ot

al
 C

os
t (

$)

 

 

OC3N
LCD
LCE

Fig. 2: Total Cost vs. different parameters

schemes by up to 57% and 65%, respectively. This is because
the LCD and LCE caching schemes end up caching the content
at all nodes as opposed toOC3N . Moreover, we note that the
total cost of the LCD scheme is greater than the total cost of
the LCE scheme. This is because LCD scheme incurs more
retrieval cost for requests for the same content generated at
the same node, since the content is brought closer one hop
at a time with each request along the path from the content’s
source to the user, while LCE scheme caches the content at
every node along the path, so future requests generated at the
same node will not incur any additional costs.

Next, we measure the total cost of all schemes as we change
the ratio of the caching cost to the retrieval cost. This is
done by multiplying the caching cost by the desired ratio. The
results are shown in Figure 2(b). As shown from the figure, as
the ratio increases, the total cost of all schemes increasessince
if the content is cached at a new cache, additional charges are
paid by the content provider. We also observe that increasing
the ratio of the caching cost to the retrieval cost has bigger
impact on the total cost of the LCD and LCE caching schemes
than on the total cost ofOC3N , since LCD and LCE caching
schemes end up caching the content at every node, while
OC3N will rarely cache the content at a new cache as the
caching cost increases.

Lastly, we measure the total cost of all schemes vs. the
variance of the caching cost. The caching costs are drawn from
a uniform distribution. The results are shown in Figure 2(c).
We observe from the figure that the caching cost variance does
not have an effect on the LCD and LCE schemes, since both
schemes will end up caching the content at all nodes. On the
other hand, having a large variance of the caching cost benefits
OC3N , since the content will be cached at the nodes with low
caching costs.

Next, we compareOC3N Fixed heuristic proposed in
Section V-D against modified versions of LCD and LCE
schemes, where the content items are cached for a fixed time.
We repeat the same simulations as in Figure 2, and the results
are shown in Figure 3.

In Figure 3(a), we measure the total cost vs. the average
number of users. As can be seen from the figure, increasing
the number of users has bigger impact on the total cost of

the LCE scheme than the total cost ofOC3N Fixed and
LCD schemes , since in LCE scheme, multiple nodes evict
the content at the same time, and recaching the content again
incurs additional costs. Moreover,OC3N Fixed can cut the
cost incurred by the LCD scheme by up to 70%, since the
LCD scheme will end up caching the content at all nodes,
thus increasing the total cost.

In Figure 3(b), we measure the total cost of all schemes as
we change the ratio of the caching cost to the retrieval cost.
Again, the LCE scheme incurs the highest cost, since in this
scheme, multiple nodes evict the content at the same time, and
recaching the content again incurs additional costs. Also,as
seen from the figure, as the ratio increases, the total cost of
OC3N Fixed slightly increases, since the content will rarely
be cached at a new cache. Lastly, we note thatOC3N Fixed
can cut the cost incurred by the LCD scheme by up to 83%.

Lastly, in Figure 3(c), we measure the total cost vs. the
variance of the caching cost. The caching costs are drawn
from a uniform distribution. We note that the total cost of
OC3N Fixed is minimum when the variance of the caching
cost is maximum. This is because when the variance is
large, there are some nodes that have low caching cost, and
OC3N Fixed tends to cache at those nodes only. On the
other hand, total cost of the LCD scheme slightly changes,
since the LCD scheme ends up caching the content at all
nodes.

VII. C ONCLUSION

In this paper, we study the problem of caching in Content
Centric Networking from an economical point of view, where
the content provider is charged in exchange for caching
its content items. This is motivated by the increasing trend
of using in-network cloudlets, where the nodes become a
small cloud. We propose an online algorithm (OC3N ) that
minimizes the total costs paid by the content provider. The
algorithm works on a per-request basis and does not require
the exact knowledge of content items’ popularities.

Through detailed analysis, we show that the total cost
incurred byOC3N is within a constant factor of the optimal
total cost for the cases where the caching cost changes
periodically, and the content items are evicted at the end of
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Fig. 3: Total Cost vs. different parameters when content items are cached for a fixed time

the period. For the cases where the caching cost does not
change, we propose a heuristic based onOC3N where the
content items are cached for a fixed time. Moreover, through
simulations, we investigate the effect of different parameters
on the performance of the proposed algorithms, and show
that the proposed algorithms can cut the total cost incurred
by widely used caching schemes such as Leave Copy Down
(LCD) and Leave Copy Everywhere (LCE) by up to 65%.
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APPENDIX

A. Proof of Lemma 1

Proof: We prove this lemma by induction on the number
of requests considered by the online algorithm. For the first



request, the invariant holds sincep(i) = 0 for all i ∈ I. We
inductively assume that the invariant holds just before a new
requestv arrives and prove that the invariant holds afterv is
assigned to retrieve the content from a cache.

Let Wv be the set of caches caching the content found
after the exploration phase inOC3N , and let V be the
set of requests considered so far byOC3N . By definition,
p(i) =

∑
v′∈Vi

[d(Wv′ , v′)−d(i, v′)]+ is the potential of cache
i just before the new requestv arrives, and by the induction
hypothesis,p(i) ≤ fi, ∀i. Let p′(i) be the potential after the
subroutineupdatePotentials()in OC3N is executed. Finally,
let p′′(i) be the potential of cachei after the requestv is
assigned to a cache. What remains to prove is thatp′′(i) ≤ fi
for all i.

We have two cases:
First case: If the new requestv does not changeWv (i.e. the

new request did not cause the content to be cached at a new
cache), then fromOC3N , p′(i)−fi ≤ 0, ∀i, andp′′(i) = p′(i)
since the subroutinecomputeNewPotentials()is not executed.
Therefore,p′′(i) ≤ fi for all i.

Second case: If the new requestv causes the content to be
cached at a new cachew, then

0 < p′(w)− fw = [d(Wv , v)− d(w, v)]+ + p(w)− fw

≤ [d(Wv , v)− d(w, v)]+

where the first inequality holds because the content is cached
at w, the next equality holds from the definition ofp′(w),
and the last inequality holds from the induction hypothesis
p(w) ≤ fw. Therefore,

[d(Wv, v)− d(w, v)]+ ≥ p′(w) − fw > 0 (4)

This implies thatd(Wv, v) > d(w, v), which means thatv will
retrieve the content fromw and

d(Wv ∪ {w}, v) = d(w, v) (5)

From here, we have two subcases:
First subcase: For all cachesi whered(i, v) < d(w, v), we

have[d(Wv∪{w}, v)−d(i, v)]
+ = d(w, v)−d(i, v). Therefore,

d(Wv, v)− d(w, v) ≥ p′(w) − fw

≥ p′(i)− fi = [d(Wv, v)− d(i, v)]+ + p(i)− fi

≥ d(Wv , v)− d(i, v) + p(i)− fi

where the first inequality follows from (4), the second in-
equality follows sincew ← argmaxi(p

′(i) − fi), and the
first equality follows from the definition ofp′(i). Therefore,
d(Wv, v) − d(w, v) ≥ d(Wv, v) − d(i, v) + p(i) − fi. Rear-
ranging the terms we get

0 ≥d(w, v) − d(i, v) + p(i)− fi

≥d(w, v) − d(i, v) +
∑

v′∈Vi

[d(Wv′ , v′)− d(i, v′)]+ − fi

≥d(w, v) − d(i, v)

+
∑

v′∈Vi

[d(Wv′ ∪ {w}, v′)− d(i, v′)]+ − fi

=p′′(i)− fi

where the second inequality follows from the definition ofp(i),
the third inequality follows from the fact thatd(Wv′ , v′) ≥
d(Wv′ ∪ {w}, v′) for all v′, and the last inequality follows
from the definition ofp′′(i) and using (5).

Second subcase: For all cachesk whered(i, v) ≥ d(w, v),
we have[d(Wv ∪ {w}, v)− d(i, v)]+ = 0. Therefore,

p′′(i) =
∑

v′∈Vi∪{v}

[d(Wv′ ∪ {w}, v′)− d(i, v′)]+

=
∑

v′∈Vi

[d(Wv′ ∪ {w}, v′)− d(i, v′)]+

≤
∑

v′∈Vi

[d(Wv′ , v′)− d(i, v′)]+ = p(i) ≤ fi

where the first equality holds from the definition ofp′′(i), the
second equality follows since[d(Wv ∪ {w}, v)− d(i, v)]+ =
0, the third inequality follows sinced(Wv′ ∪ {w}, v′) ≤
d(Wv′ , v′), ∀v′, and the last equality follows from the defi-
nition of p(i) before the requestv appears.

B. Proof of Lemma 3

Proof: Let p(i) denote the potential function of thei-
th cache just before a new requestv arrives, and letp′(i) =
p(i)+ [d(Wv, v)−d(i, v)]+ be the potential function after the
subroutineupdatePotential()in OC3N is executed.

Now, if the new requestv causes the content to be cached
at w, then from the algorithm,

0 < p′(w) − fw = p(w) + [d(Wv, v)− d(w, v)]+ − fw

= p(w) + d(Wv, v)− d(w, v) − fw

≥ p(i) + [d(Wv, v)− d(i, v)]+ − fi

≥ p(i) + d(Wv, v)− d(i, v)− fi

The first inequality holds because the content is cached atw.
The first equality follows from the definition ofp′(w). The
second equality follows by using (5). The second inequality
holds becausep′(w) − fw ≥ p′(i) − fi, ∀i and from the
definition ofp′(i). Therefore,p(w)+d(Wv , v)−d(w, v)−fw ≥
p(i)+d(Wv, v)−d(i, v)−fi. Rearranging the terms we get that
fw− p(w)+ d(w, v) ≤ fi− p(i)+ d(i, v). We also have from
the second inequality thatp(w)+d(Wv , v)−d(w, v)−fw > 0.
Therefore,̂c(v) = fw−p(w)+d(w, v) if v causes the content
to be cached atw.

On the other hand, if the new requestv does not cause an
additional copy of the content to be cached, then from the
algorithm,

0 ≥ p′(i)− fi ∀i

= p(i) + [d(Wv , v)− d(i, v)]+ − fi ∀i

≥ p(i) + d(Wv, v)− d(i, v)− fi ∀i

where the first equality follows from the definition ofp′(i).
Therefore,d(Wv, v) ≤ fi − p(i) + d(i, v), ∀i, and ĉ(v) =
d(Wv, v).


