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1 Introduction

Named Data Networking (NDN), a data-centric enabled-cache architecture, as
one of the candidates for the future Internet, has the potential to overcome
many of the current Internet difficulties (e.g., security, mobility, multicasting).
Influenced by using cache in intermediate equipment, NDN has gained attention
as a prominent method of Internet content sharing. Managing the NDN caches
and reducing the cache redundancy are the important goals in this paper. Our
main contribution in this research is toward caching optimization in comparison
with betweenness probabilistic in-network caching strategy. Therefore, with
respect to combined impacts of long-term centrality-based metric and Linear
Weighted Moving Average (LWMA) of short-term parameters such as user
incoming pending requests and unique outgoing hit requests on caching
management, a flexible probability caching strategy is proposed. Moreover, a
simple Randomized-SVD approach is applied to combine averaged short-term
and long-term metrics. The output of this data-fusion algorithm is used to
allocate a proper probability to the caching strategy. Evaluation results display
an increase in the hit ratios of NDN routers’ content-stores for the proposed
method. In addition, the producer’s hit ratio and the Interest-Data Round Trip
Time, compared to the betweenness scheme, is decreased.

© 2016 JComSec. All rights reserved.

Content-Centric Networking project [3] (recently
known as Named Data Networking (NDN) [4]) is one

According to the Visual Networking Index (VNI)
Global Mobile Data Forecast [I], monthly global mo-
bile data traffic will be 49 Exabyte of which 78 percent
will be video contents by 2021. To handle this increas-
ing traffic volume of online contents, an emerging
paradigm has been developed for future Internet archi-
tecture, called Information-Centric Network (ICN) [2]
supporting in-network caching to efficiently transport
named sub-objects (or chunks) to users.
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of ICN architectures proposed by PARC (Palo Alto
Research Center, formerly Xerox PARC) in 2009. The
goal of designing this architecture is to perform man-
agement, routing and resource allocation according to
the content ID, instead of the host ID.

As ubiquitous caching [4] increases the costs of mem-
ory consumption, unnecessary caching operations may
be reduced by probabilistic caching in the nodes. In
this research, a novel metric for caching strategy in
NDN networks is examined and evaluated based on
the importance of the NDN routers. The proposed met-
ric encompasses some short-term parameters, such as
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Figure 1. Interest and Data Processing in an NDN Router [3].

unique outgoing traffic distribution and users’ pending
incoming requests, as well as a long-term one namely
topology-related betweenness-centrality of the nodes.
We modify the metrics used by NDN cache size allo-
cation schemes proposed in [BH7], and the Adaptive
Congestion Control Protocol in NDN (ACCPndn) pre-
sented in [§], to obtain a more general model for a
probabilistic caching decision applied to NDN routers.
These parameters help to come across a node’s impor-
tance with regard to its caching duty in NDN network.
As the former two parameters may change frequently,
they are smoothed out by Linear Weighted Moving
Average scheme in a proper time interval. Next, the re-
sults are combined with the betweenness values of the
routers to encounter topological information. Eventu-
ally, to denoise the gathered data and reduce the com-
putational complexity of the algorithm, the important
features are extracted by a Randomized-SVD method.

In Section [2] we firstly describe the technology
considered for future ICN architectures and the NDN
routers and then focus on data-fusion algorithms as the
basis of the proposed method. Section [3] reviews the
related works presented specifically on NDN strategies
for storage devices. In Section[d] our main contribution
is discussed. Section[Blis devoted to evaluations of the
proposed method. In Section [f] the paper is finally
concluded.

2 Background
2.1 Information Centric Networking

Nowadays, Peer-to-Peer (P2P) and Content Distribu-
tion Networks (CDNs) are two common broad content-
centric Internet technologies. Content providers can
purchase the resources from CDN operators owning a
set of geographic replicated machines. This is a highly
beneficial point for content providers as their content
would be available on the worldwide Internet. Like-
wise, in P2P networks, users contribute a share to
the resources and receive content-centric services in
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return. All of these activities are organized in over-
lay layers; so that the core routers are not aware of
requested contents [9)].

The pioneer works proposing a redefinition of the
Future Internet architecture have focused on mapping
content names to locations by in-network caching em-
ployment. ICN is a notable concept to organize an
infrastructure with the help of which an enhanced sup-
port will be provided for content distribution and mo-
bility [10]. It focuses on finding and delivering named
contents, instead of maintaining end-to-end commu-
nications between hosts identified by IP addresses
[T1]. Among these, in this research, NDN architecture,
thanks to CCNx [I2] and NDN [I3] projects with their
simple, robust and effective communication models,
has been selected.

2.2 NDN in a Nutshell

NDN proposes a communication standard based on
the exchange of two types of packets: Interest and
Data that carry Uniform Resource Identifier (URI)-
like content names. A consumer requests a named
content by broadcasting an Interest packet over its
available network faces. The Interest is forwarded hop-
by-hop until a producer provides the requested Data.
As noticed in Figure[I] an NDN router has three data
structures to cache and forward the Interest and Data
packets: Content Store (CS), Pending Interest Table
(PIT), and Forwarding Information Base (FIB).

CS, as the name implies, with defined placement
and replacement policies, stores chunks of incoming
Data messages for satisfying future possible Interests
(requested by a user) in its storage device, simply
named cache. PIT stores request not satisfied by CS
and passed to next router. Finally, FIB forwards In-
terest messages to the proper face of an NDN router.
When the content’s location is broadcasted to all the
NDN routers, it will be populated into FIBs. On the
way that Data message is forwarding back to its desti-
nation, if an entry in PIT is matched, the data chunk
is immediately forwarded by to its destination [4].

2.3 Data-Fusion Algorithms

To store, analyze and summarize the vast amounts
of generated data, one may reduce the dimension of
data by dimensionality-reduction data fusion. This
transformation finds a subspace whose vectors are
a combination of the old subspace and projects a t-
dimensional space onto an f-dimensional subspace of
the original features, where f<<t. There are several
learning-based dimensionality-reduction data-fusion
schemes, like ISOMAP, but these methods are slow
and also impose a high computational load on pro-
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cessing the input data, especially for large-scale real-
network parameters. The learning-based clustering al-
gorithms, such as K-Means [14], need heavily to have
some initial values to randomly group data points
into clusters. As a result, the raw data sets collected
from our implementations are not available before
running the algorithm. For reducing the size of infor-
mation and combining features with different quali-
ties, Truncated-SVD is exploited; according to [15],
Truncated-SVD has the ability to extract only the
most important information from the data matrix by
using just the first several components estimated from
the original matrix of data set. Randomized-SVD im-
plements a type of Truncated Singular Value Decom-
position (Truncated-SVD) that only computes the k
largest singular values with a randomized algorithm,
where k is a user-specified parameter [16].

Randomized-SVD is similar to PCA [I7], but differs
in that it works on sample matrices X directly instead
of their covariance matrices. When the column-wise
(per-feature) means of X is subtracted from the feature
values, Randomized-SVD on the resulting matrix is
equivalent to PCA [15].

Given an m x n matrix X, a target number £ of
singular vectors, this procedure computes an approx-
imate factorization UXV*, where U and V are or-
thonormal matrices whose columns are eigenvectors
of X.X* and X*.X respectively, and ¥ is nonnega-
tive and diagonal matrix containing the eigenvalues
of X.X™ in the diagonal being sorted in descending
order. As illustrated in [I6], by considering the prob-
lem of finding the k principal components of the SVD
of an m x n input matrix, randomized algorithms in-
volve O(mnlog(k)) floating-point operations (flops)
in distinction to O(mnk) for classical algorithms.

The six-step implementation of Randomized-
SVD, briefly shown in the following pseudo
code(Algorithm , can generate a structure from
an unstructured input data matrix by using a sub-
sampled random Fourier Transform (SRFT) and QR
decomposition:

Algorithm 1 Randomized-SVD’s Pseudo Code [18]
GOAL: GIVEN AN m Xn INPUT MATRIX X, COMPUTE AN APPROXI-
MATE RANK-K SVD: X ~ Uj,.2;. V. T

1: Draw an n x k Gaussian random matrix ,

2: Form an m x k orthonormal matrix @ by using
(subsampled) FFT and QR factorization,

3: Form the k x n» matrix B=Q7T.X

4: Compute the SVD of the small matrix B: B =
U.2. Vi T,

5: Form the matrix U, = Q.U,

6: Calculate X, = U,.32,. V4 7T.

3 Related Works

In [T9], authors have presented a scheme called Au-
tonomous System Collaboration Caching Strategy
(ASCCS). In ASCCS scheme, CCN network is divided
into several Autonomous Systems (AS) as OSPF does,
then the control nodes are selected according to the be-
tweenness and the cache replacement rate of the nodes.
Each AS is centralized, and controlled by the control
node. Then the selected control node is responsible
for computing the popularity of different contents to
define the suitable cache policy for them. Therefore,
routers in the same AS collaborate with each other to
improve the performance of the network caches.

In [20], the authors have been concerned with cache
management operations and cache network modeling
that have to be adjusted to fit in a completely decen-
tralized environment. They have focused on the allo-
cation of the available cache capacity along a request-
response path; however, it is just for a hierarchical
network topology. In other words, authors have sug-
gested that if ICN routers are allocated the caching
probability, associated with the path capacity, they
achieve better network performance.

PopCache [21] allows an ICN router to store the
content in accordance with the popularity characteris-
tic of it. The closest router to the consumers store the
content with the most popularity and the less popular
contents are cached in other routers. In addition, the
authors have taken into account the rule of distribu-
tion of caching data packets along the path. They have
indicated that in terms of Round-Trip Time (RTT),
PopCache has a lower expected round-trip time than
Ref. [20], especially when the Zipf exponent becomes
larger.

In [22], authors have proposed a centrality-based
caching algorithm by exploiting the concept of
betweenness-centrality to improve the caching gain.
The possibility of caching less in order to achieve
higher performance gain has been investigated. They
have also argued that the universal caching strategy
is costly and sub-optimal.

Authors in [23] present a Cost-Aware cache decision
policy, contrary to classic strategies, that cooperatively
consider content popularity and economic aspects of
links through which the contents have to be retrieved.
It is shown that ICN can help ISPs to reduce the cost
related to inter-domain traffic. Cost-Aware policies
just allow the contents to be cached that are costly
for the operator because they reduce the load on
expensive and cheap links while increasing the load
on free links. Due to their evaluations, by tuning the
tradeoff between popularity and price, the cost-aware
performance is classified into mostly popularity-driven,
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balanced, and mostly cost-driven categories. A larger
gain is achieved in balanced mode, since designing a
better composition of hit ratio and cost fraction.

4 Problem Definition and Proposed
Scheme

4.1 Problem Definition

The problem inspected in this article is how to de-
cide on a probabilistic placement strategy to improve
NDN performance in terms of power consumption of
wasteful caching while preserving the cache hits and
low end-to-end delay. Therefore, we present a scheme
focusing on the content store structure of an NDN
router.

After collecting short-term dynamic parameters,
and combining them with a long-term static parame-
ter, the appropriate probabilistic caching strategy is
derived. Indeed, each router is allowed to cache just
based on this controllable probability. The important
long-term centrality metric is betweenness; showing
how many times, a router is on the shortest path be-
tween Producer-Consumer pairs. As the data chunks
would be routed for the requester based on the PIT
table, more interfaces stored in a PIT may cause more
data chunks expecting to be received. Moreover, more
numbers of cache hits actually show more Interests
satisfied by the cache. Altogether, the Unique Hit In-
terests along with the users’ Pending Interests in a
router within an appropriate time interval, in con-
junction with the betweenness-centrality of the router,
are utilized to calculate the caching probability of an
NDN router.

4.2 Metric Definition

If NDN is considered as a graph, the routers and
the point-to-point links between routers represent the
nodes and the links in the graph correspondingly. As
the links are assumed symmetric and full duplex, the
equivalent graph would be unidirectional. To find
out how influential a node in a group is, a graph-
related long-term parameter, betweenness-centrality
(BC), precomputed offline, is used. This metric is an
indicator of node centrality in the graph of a network.
In order to find this type of centrality, the Equation
to Equation (3) are adopted [24].

The pair-wise dependencies of two nodes, s and ¢, on
a special node, v, is calculated by Equation [24):

a(s,tlv) )

(s t)
where o(s,t) shows the number of different shortest
paths from node s to ¢. In other words, the pair-

d(s,tlv) =
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wise dependency shows the fraction of all the number
of geodesics between the pair of nodes, o(s,t), that
include node v, (s, t|v).

By aggregating these computations, we can have
Equation [24]:

8(slv) =y (s, tlv) (2)

teV

Then, for all s,v € V, we can compute the one-
sided dependency of s on vertices, one edge farther
away [24]:

> 7(5:0) (1 4 g sfu))

o(s,w)
. (v,w)€E and
wr { dist(s,w):dist(s,v)Jrl}

d(slv) =

(3)
The next phase is to collect the information includ-
ing the number of stored pending interests and the
number of unique data chunks being satisfied by the
current node. These two metrics are sampled at the
NDN routers. As the entries in PIT table are unique,
the Hit Interests, satisfied by different data chunks
in the current router, are also adopted as another dy-
namic metric. In order to approximate and smooth
the fluctuations of the obtained samples, a type of
Weighted Moving Average (WMA) [25] procedure is
applied because of its efficiency and simplicity. In
this WMA model, named Linear WMA (LWMA) [26],
the current and the several past samples are linearly
weighted and added together. In other words, we can
further predict the samples based on the behavior of
their past. More specifically, the data set constitutes a
time series for each router. By applying a time-series
prediction method to the data set, activity of a sample
at time t can be forecasted. In this case, from the n
total number of samples, just m number of them are
chosen as a window for the prediction, where m << n;
in calculating ratio of the weights, the denominator is
equal to the addition of all the weights and the numer-
ator is selected from the window of LWMA weights.

Therefore, we declare Equations and (b)) to com-
pute the weights in an m-size moving window for both
the Pending Interest and Unique Hit Interest samples.
In calculating the ratio of the weights, the denomina-
tor is equal to the addition of all the weights and the
numerator is selected from the window as follows:
(m—(w—-1))

PI Weight(w) = mm 12

w € [1,m] (4)

UnigHI Weight(w) = W; w € [1,m]
(5)

In this way, LWMA requires a forgetting factor; as
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the older the observation, the less the weight taken.
Therefore, the smallest weight is allocated to the oldest
sample, and it is continued until the largest weight is
allocated to the newest sample in the window. The
LWMA of PI and Unique HI samples are attained as

Equations (6]) and (7):
(New_PI_Sample * PI_Weight)[t] =

Z {New,PI,Sample(w) X (6)

w=1

PI.Weight(t — (w — 1))};t € [1,n]

(New_UniqHI_Sample x UnigHI W eight)[t] =
t
Z {New,UnquI,Sample(w) X
w=1
UnigHI Weight(t — (w — 1))};2? € [1,n]
(7)

where New_PI_Sample(t) is the time series of PIT
snapshots and New_UnigHI_Sample(t) is the time se-
ries of unique CS hit events. The sampling frequency
should be selected based on the behavior of fluctu-
ations; therefore, ten samples per second (every 0.1
second) is an almost fair one.

In Section [4.3] we will describe how to use a
Randomized-SVD method to allocate a probability to
router’s cache, based on these time-variant variables
and time-invariant one.

4.3 The Proposed Caching Strategy

Estimating the LWMA of unique outgoing Hit Inter-
ests and users’ Pending Interests, the Randomized-
SVD data fusion algorithm is applied to merge the dy-
namic parameters with static betweenness-centrality
one. This algorithm extricates the most important
correlated information along with some orthogonal un-
correlated factors; e.g., if X is the observations from
two features, then it is interpreted as a geometrical
representation of the two original axes. In large-scale
data sets, it can be seen as an m X n matrix, where
the value m is the number of routers in the network,
and n is the number of features collected from every
router. Hence, this is the input to our Randomized-
SVD algorithm, and the output is a vector with m
elements showing a value for a router. In our work,
this value implies the importance of a router in NDN.
The steps are briefly as follows:

At first, normalizing the data (Equation ),

r — mean

r=— (8)

std_dev

Second, Randomized-SVD, applied to the training
samples X, produces a low-rank approximation X,
as defined in Equation @:

X ~ Xp= Up. Sk Vi ¥ (9)

where matrices Uy and V}, with orthonormal columns,
include the normalized eigenvectors of X kT.X 1 and
X3 X7 respectively. The nonnegative diagonal
matrix ¥ includes the same eigenvalues of matrix
Xk.XkT and XkT.Xk .

UiXY}, is a transformed training set with k features.
To also transform the original set X, we multiply it
with Vi (the normalized eigenvectors of a new sub-
space), as shown in Equation ([10)):

Xfused = X . Vi (10)

Having the raw data table processed by Randomized-
SVD data-fusion algorithm, i.e., the elements of
vector V' in Equation , then vector Xyyseq is
obtained for each router. At the end, the elements of
vector X pyseq are normalized to calculate the caching
probability of the router.

A flow diagram of the above data fusion process is
depicted in Figure[2] The variables of NDN router i are
denoted by: X [i], X5[i], X3[i], and the components of
first eigenvector are: Componenty, Components and
Components, as observed in Equation :

=1
(11)

Then, the fused data for the content router ¢ is
obtained by Equation :

Component; + Components + Components

X pusedlt] = {X1 [i]Component +
Xo[i|Componenta+ (12)
Xs[i]Components }

Using this value, the percentage of a cache or the
probability is calculated. By that probability, a cache
is allowed to store data chunks.

Algorithm [2] displays the proposed scheme. In this
algorithm, all the steps are computed offline except
the second step, needing the runtime of NDN. Firstly,
the centrality metric of every router is computed by
the router’s role in the NDN graph. Afterward, by run-
ning the NDN network, the short-term parameters are
calculated. Then, the eigenvalues of the short-term
metrics are estimated. In the fourth and fifth steps,
the components of the reduced data set are calculated
from the three mentioned parameters. At last, normal-
izing the fused data, the importance of routers and
consequently the cache probability is obtained.
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Figure 2. The Data Fusion Diagram of Proposed Method.

Algorithm 2 Proposed Cache Size Allocation Algorithm

PROPOSEDCACHINGSTRATEGY ( Topology of NDN Network)

for every NDN router do

end for

UniqHIs),

=

Calculating betweenness-centrality of every node offline,
Counting the number of PIs in PIT and the number of Unique HIs in current CS,

Estimating the LWMA of counters in previous steps,
Apply the data-fusion Randomized-SVD algorithm on vectors of: (Betweenness, LWMA of PIs, LWMA of

Using the components to calculate the fused data for every router,

8: After normalizing the fused-data vector, the importance of the NDN router is presented,
9: Computing the normalized caching probability, based on the NDN router’s importance.

By neglecting the additional cost of online runtime,
the most complex parts of this algorithm are steps 1
and 3. The algorithm for Betweenness-centrality met-
ric of every router runs in O(N M) time on unweighted
networks [24], where M is the number of links and N
is the number of routers in the NDN network. After
gathering the information from step 2, the load of pro-
cessing them in step 3 is about O(Nty), where N is
the number of NDN core routers and ¢, is the number
of samples of PIs and Unique HIs. In step 4, by hav-
ing just three features from an NDN router, it takes
O(kN) to compute the components. k is the number
of feature. Other steps also takes O(N) to calculate
the weights as an importance for every NDN cache.
Therefore, the total time complexity of Algorithm
is O(NM + Nts + kN), which is a polynomial time
complexity. In other words, the complexity of this al-
gorithm is dependent on network topology and the
number of samples from all the NDN routers’ short-
term metrics.

5 Evaluations

NDN, amongst ICN architectures, is a more complete
promising Future Internet architecture, including a
software development tool (CCNx [12]), and simula-
tion softwares like ndnSIM [27] and cenSim [28]. In
addition, a new ICN simulator, Icarus [29], has been
developed. Icarus offers researchers to evaluate their
studies under other ICN architectures [30]. However,

9€sS

to cope with our future needs, our focus is on an NDN
based simulator that can be extended to other TCP/IP
protocols beside the proposed method. As such, we
evaluate our proposed method using the open source
NS-3 [31] based simulator, ndnSIM-v2.1 released by
the Internet Research Lab of UCLA.

The experiments are performed on a real-network
topology, named Abilene. Abilene is an advanced back-
bone network operated by the University Corpora-
tion for Advanced Internet Development (UCAID)
to support the physical components of the Internet2
project [32]. This topology has been used in various
assessments for the CCN network, including a CCN-
based channel zapping protocol [33]. Our experiments
are tested on a scenario as observed in Figure [3] The
NDN routers are connected by point-to-point links
with a bandwidth of 10Gbps. Twelve consumer nodes,
attached to the NDN routers, arbitrarily extend the
topology. The ndn::BestRoute [34] Forwarding Strat-
egy, a module defining how Interest and Data are be-
ing forwarded, is selected. The chunk size in NDN is
expected to be a packet-level size such as 1KB [35].
Table |1| displays the parameters considered in sim-
ulations. The cache replacement algorithm is Least
Recently Used (LRU). The chunk-based cache size is
set to 1040000 chunks. Assuming Mandelbrot-Zipf dis-
tribution for content retrievals by users, as shown in
Equation , a content distribution of P2P network
is modeled [36].
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P(Producer)
C(Consumer)
R(NDN Router)

Figure 3. Topology of the Simulated Scenario With Abilene Core Routers.

As NDN attributes are inspired by the content-
delivery and P2P networks, the Mandelbrot-Zipf dis-
tribution is known to model the consumer behaviors:

1
(i+q)°

|F| 1

€L |F]]
Zj:l (J+a)°

p(i) = (13)

where p(i) is the probability of retrieving the ith
content from the |F| contents in the network. The
g and s parameters are fixed for an ISP. s is the
Mzipf shaping in the range of [0, 5]. ¢ is the plateau
factor, controlling the plateau shape (flattened head)
near the lowest ranked contents. If ¢ = 0, then Mzipf
degenerates into a Zipf distribution [37].

By applying this popularity distribution of files,
it is observed that from 10° numbers of files in the
catalog such as a large YouTube-like catalog, with
g = 5.0 and s = 0.5, 811270 files, which is above
90% of user Interests, are forwarded towards their
consumers [38]. If shaping factor, s, is increased to 2.0,
then the number of most popular files in the catalog
is decreased to just six files.

The experiments are repeated ten times, and all of
them are implemented in 300 seconds of simulation
time. A consumer node issues 20 requests per sec-
ond. The evaluations are conducted in two different
cases: enabled-cache consumers and disabled-cache
consumers; in the former case, simulations are per-
formed with the assumption of activated caches in con-
sumers, and in the latter one, the caches of consumers
are deactivated to examine the situation of having
under pressure NDN routers. Each case consists of
three types of simulation scenarios with three vari-
ous requested content sizes: 1MB, 10MB, and 100MB.
These various scenarios are selected in order to take
a general decision based on the proposed probability
caching strategy. In the first and second scenarios, ev-

ery consumer is running a single application produced
by just one producer with the content size of 1MB
and 10MB respectively; however, in the third scenario,
the consumer is interested in each of the producers’
100MB-size contents.

In the first phase of Algorithm [2] the offline be-
tweenness, online short-term HIs and online short-
term Pls parameters are collected from NDN routers.
Afterward LWMA of short-term parameters is cal-
culated as accounted for in Section [2] Considering
the numerical values of caching probabilities in Ta-
bles [3] and [4 related to enabled and disabled-cache
cases respectively, the first scenario is carried out to
compare the performance of the proposed method ver-
sus traditional betweenness probabilistic scheme [22].
As previously mentioned, ubiquitous caching strategy
stores data chunks all over the path; however, it leads
to a low network delay and is not an efficient use of
router’s cache [33]. Since the proposed method selects
the router due to the combination of the long-term
and short-term metrics, the probabilistic scheme is
selected for comparisons in terms of average hit ratio
of CS, the number of unique cache hits, and the round
trip time of Interest-Data delay.

Table 2] represented the betweenness-centrality of
NDN routers of Figure [3| Firstly, in order to make
decisions for probabilities, betweenness values are
normalized. Secondly, probability 0.5 is considered for
a node if the numerical value of the allocated caching
probability is lower than 0.5, otherwise, probability
1.0 is selected.

As observed in Table |2 the betweenness values of
NDN-Router IDs 0, 2, 5, 6, 9, and 10 are high (i.e.,
situated within a considerable number of paths be-
tween consumers and producers), leading to a caching
probability 1.0 in comparison with other routers.
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Table 1. System Parameters Used in the Experiments

Parameter Value
MTU 1 KB
Cache size 1GB
Network size 27Nodes
Network Topology Abilene, with 11 Nodes
Rate of Interest 20 Hertz
Simulation time 300 seconds
Number of seeds 10 (generated with normal distribution)
Core network link capacity 10 Gb/s
Access network link capacity 1 Gb/s
Catalog Catalog size 109
File size 1—-100 MB
Popularity Plateau factor in Mandelbrot-Zipf Distribution (q) 0, 5, 50
Shaping factor in Mandelbrot-Zipf distribution (s) [0.5, 3]
Forwarding Forwarding strategy BestRoute[34]
& Caching Replacement policy LRU
Table 2. Betweenness Probabilistic Scheme for the Simulated Scenario.
Parameter Betweenness Centrality|Caching Probabilities|Final Caching Probabilities
Router ID
NDN-Router 0 0.11 0.7 1
NDN-Router 1 0.05 0.2 0.5
NDN-Router 2 0.15 1 1
NDN-Router 3 0.04 0.2 0.5
NDN-Router 4 0.07 0.3 0.5
NDN-Router 5 0.14 0.9 1
NDN-Router 6 0.14 0.9 1
NDN-Router 7 0.03 0.2 0.5
NDN-Router 8 0.06 0.2 0.5
NDN-Router 9 0.13 0.8 1
NDN-Router 10 0.10 0.6 1

5.1 Enabled-Cache Consumer Case

In enabled-cache consumer case, the normalized met-
rics, and caching probabilities of the scenarios for
the enabled-cache consumer case, computed by Algo-
rithm [2], are shown in Table[3] In this table, there are
three rows related to each NDN router showing the nu-
merical values of the first, second and third scenarios
respectively.

As remarked in Table “LWMA of PIs” and
“LWMA of Unique HIs” metrics gathered by the
NDN-Router IDs 0, 2, 5, 6, 9 and 10 are as large as
their betweenness values. It means that as these NDN

routers receive a large number of unique requests, they
consequently collect a large number of incoming data
chunks in their caches, by which more future Interests
will be satisfied. Therefore, probability 1.0 is selected
for these nodes. In NDN-Router ID 3, the numerous
unique hits also ascribe a high probability of caching
to this node. To maintain fairness, a probability equals
to 0.5 is allocated to NDN-Router IDs 1, 4, 7, and 8,
even though the output of several scenarios associated
with these nodes display low numerical values.

In the first and second scenarios, every consumer is
just running a single application, whereas in the third
scenario, in order to extend the number of requested
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Table 3. Normalized Parameters Gathered From the NDN Routers for the Enabled-Cache Consumer Scenarios.

Parameter Betweenr.less LWMA of Pls LWMA of Cach?r}g. CZ(i:r]rlléill:ng
Router ID Centrality UniqHIs Probabilities Probability
0.11 0.09091 0.09 0.5
NDN-Router 0 0.11 0.09091 0.08 0.4 1
0.11 0.09094 0.18 0.8
0.05 0.09091 0.06 0.2
NDN-Router 1 0.05 0.09091 0.004 0.2 05
0.05 0.09090 0.08 0.3
0.15 0.09091 0.16 1.0
NDN-Router 2 0.15 0.09091 0.38 1.0 1
0.15 0.09094 0.21 1.0
0.04 0.09091 0.10 0.3
NDN-Router 3 0.04 0.09091 0.29 0.5 1
0.04 0.09089 0.04 0.2
0.07 0.09091 0.09 0.3
NDN-Router 4 0.07 0.09091 0.09 0.4 0.5
0.07 0.09089 0.03 0.2
0.14 0.09091 0.06 0.5
NDN-Router 5 0.14 0.09091 0.004 0.5 1
0.14 0.09091 0.07 0.6
0.14 0.09091 0.09 0.6
NDN-Router 6 0.14 0.09091 0.08 0.5 1
0.14 0.09094 0.24 1.0
0.03 0.09091 0.06 0.2
NDN-Router 7 0.03 0.09091 0.004 0.2 05
0.03 0.09087 0.001 0.2
0.06 0.09091 0.09 0.3
NDN-Router 8 0.06 0.09091 0.004 0.2 05
0.06 0.09092 0.07 0.4
0.13 0.09091 0.13 0.7
NDN-Router 9 0.13 0.09091 0.008 0.4 1
0.13 0.09090 0.001 0.4
0.10 0.09091 0.06 0.3
NDN-Router 10 0.10 0.09091 0.004 0.3 1
0.10 0.09091 0.07 0.5
applications, consumers are considered to be interested In Table (3] the values of LWMA of UnigHIs column
in all of the 100MB-size applications produced by are different in all the three scenarios, especially in
the four producers. To simulate such a scenario, the NDN-Router IDs 0, 3, 6, and 9. Measurements show
shaping Zipf-Mandelbrot parameter is increased to that in these nodes, CSs are operating differently. By
s =3 (i.e., just a few files hold a higher popularity). performing the Randomized-SVD on the measure-

ments of each scenario and normalizing the product,
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a value between [0,1] is derived. Scikit-learn, an open
source library for Python, was exploited for this pur-
pose [39]. Thereafter, probability 0.5 is considered for
the product if the numerical value of that scenario is
lower than 0.5, otherwise, probability 1.0 is selected.
Then the three rounded values of an NDN router are
combined to determine the final caching probability
and a logical OR operation is performed to combine
the scenarios (last column of Table . The caching
probability of 1.0 (caching everything) is allocated to
an NDN router if any of these three rounded values
are 1.0. In this way, by reducing the probability of the
data-chunk caching placement in the regular nodes
to 50%, the results of Table 3| are obtained. In other
words, the nodes are clustered into two groups: impor-
tant and regular groups. The important nodes have
to cache every data chunk; however, the regular nodes
just cache the received data chunks randomly with
50% probability.

The performance comparisons between the pro-
posed and betweenness methods are represented in
Figure[d Figure [a] exhibits that the proposed scheme
outperforms betweenness scheme in terms of the NDN
router’s hit ratio. As observed, by assigning a prob-
abilistic storage strategy to every CS, based on the
proposed scheme, the average routers’ hit ratio is
increased to about 40%. It is consequently compre-
hended that, just by increasing the caching probability
of NDN-Router ID 3 to one, the number of in-network
satisfied requests of the proposed method is increased.
Actually, by measuring the LWMA of PIs and Unique
HIs, the proposed method can reveal the importance
of NDN-Router ID 3 compared to the betweenness
measurements. As a desired effect, the numbers of hit
events are enhanced about 90% compared with the
betweenness method. As a miss occurrence in NDN
router’s content store is normally due to the data not
being stored in the cache, the unsatisfied request is
forwarded to an upstream NDN router.

Therefore, at last one producer, in response to this
unsatisfied Interest message, generates its requested
content by the means of its CS module. As depicted
in Figure [db] the average hit ratio of producers’ con-
tent stores in our scheme is 11.5% lower than the be-
tweenness scheme. Accordingly, the management of
in-network caching facilities in the proposed method
helps to reduce the number of references to the pro-
ducers’ content stores, in turn resulting in decreasing
producers’ loads.

As portrayed in Figures[da] and b} until the middle
of simulation runtime, whilst the NDN router’s hit
rate is ascending, the producer’s hit ratio descends.
Hence, the average hit rate of producers has a reverse
relation with the average hit rate of NDN routers.
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Figure 4. Betweenness and Proposed Methods With Content
Size=1MB by Enabling Caches in Consumers.

To measure the importance of the NDN routers,
one of the selected metrics is the number of unique hit
Interests. In Figure[dd the proposed method improves
the average number of unique hit Interests compared
to the betweenness-based strategy, since the proposed
caching strategy obliged NDN-Router ID 3 to exploit
its cache to store the passing data chunks.

As it can be noticed in Figure [d] requesting 1MB-
size contents, fewer Interest packets are generated
such that the consumer’s requests are satisfied just
by a few Data messages. However, as the size of the
requested contents increases, the load on the NDN
routers is also increased.




October 2016, Volume 3, Number 4 (pp. 217-231)

5.2 Disabled-cache Consumer case

In the next simulations, it is shown that even by dis-
abling the consumer’s cache, the supremacy of the pro-
posed NDN layer’s caching scheme is still preserved.
Therefore, in another set of simulations, we disabled
the consumer’s content store in order to lessen the
cost of consumer-side devices and examine if it is prob-
able to utilize the routers’ caches in a more efficient
manner. The scenarios are similar to the three ones
running in the enabled-cache case, except that the
consumer’s caches are deactivated. The normalized
metrics and caching probabilities of these scenarios,
computed by Algorithm [2] are shown in Table [d Sim-
ilar to the previous case, NDN-Router IDs 0, 2, 3 and
6 accommodate more unique data chunks in their CSs
compared to other routers. Therefore, the allocated
caching probabilities and the hit rates are correspond-
ingly higher.

As it was expected, in this case similar to the
enabled-cache case, the number of Pls in PIT tables
has not been changed for 1IMB and 10MB content-size
scenarios. It shows that as the content-size is increased
to 100 MB, the number of Interest messages for the
data chunks is also increased.

To compare the performance of the proposed
method with the betweenness scheme, the first 1MB-
content-size disabled-cache consumer’s scenario, by
considering the numerical values of the caching prob-
abilities in Tables 2] and [4] is simulated again. Since
the consumer’s cache is disabled, the routers’ caches
try to compensate the loss of the disabled caches. It
is observed that in the disabled-cache scenario, the
hit rate of NDN layer is increased. As illustrated in
Figure [pa] and Figure[5c] the caches in NDN routers
are satisfying the requests whose data chunks do not
exist in consumers’ caches. Furthermore, there is no
need in referring to producer’s CS.

Figure |5al summarizes that the proposed method
achieves better overall hit ratio in NDN routers’ caches
compared to the betweenness scheme. In contrary
to the enabled-cache scenario, the performance of
the proposed scheme is nearly 15% more than the
betweenness scheme.

As Figure [bb] demonstrates, comparing to the be-
tweenness method, the proposed scheme decreases pro-
ducers’ hit ratio by approximately 11.5%. The main
reason is that the high hit rate of an NDN router’s
cache reduces the reference rate to the corresponding
producer’s cache; i.e., higher hit rate in one leads to
lower hit rate in another. Compared with Figure [D]
the hit rates of producers’ caches are approximately
similar to the hit rates in enabled-cache case, show-
ing that the NDN routers’ caches do not compel the
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Figure 5. Betweenness and Proposed Methods with Content
Size=1MB by disabling Caches in Consumers.

producers to satisfy the Interests.

Figure [5c| presents the average number of unique
cache hits in NDN routers. In this disabled-cache
case, the average number of unique cache hits in NDN
routers is further than the enabled-cache case. In other
words, by applying the proposed metric in selecting
the important nodes, routers’ CSs are utilized more
than the enabled-cache case. In addition, the down-
ward slope, compared to Figure is declining more
gradually showing that CSs, in disabled-cache case,
are being managed better than the enabled-cache case.
As observed, until the first fifty seconds of simulation
time, the proposed method, compared to betweenness
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Table 4. Normalized Parameters Gathered From the NDN Routers for the Disabled-Cache Consumer Scenarios.

Parameter Betweenr.less LWMA of Pls LWMA of Cachir}g. CZirli?tllg
Router ID Centrality UniqHIs Probabilities Probability

0.11 0.09091 0.09 0.6

NDN-Router 0 0.11 0.09091 0.13 0.5 1
0.11 0.09098 0.25 1.0
0.05 0.09091 0.05 0.2

NDN-Router 1 0.05 0.09091 0.003 0.2 0.5
0.05 0.09083 0.0002 0.2
0.15 0.09091 0.14 1.0

NDN-Router 2 0.15 0.09091 0.31 1.0 1
0.15 0.09098 0.17 1.0
0.04 0.09091 0.16 0.8

NDN-Router 3 0.04 0.09091 0.19 0.4 1
0.04 0.09083 0.00001 0.2
0.07 0.09091 0.10 0.4

NDN-Router 4 0.07 0.09091 0.10 0.4 0.5
0.07 0.09083 0.0001 0.2
0.14 0.09091 0.06 1.0

NDN-Router 5 0.14 0.09091 0.03 0.5 1
0.14 0.09098 0.08 0.9
0.14 0.09091 0.09 1.0

NDN-Router 6 0.14 0.09091 0.14 0.6 1
0.14 0.09098 0.25 1.0
0.03 0.09091 0.051 0.2

NDN-Router 7 0.03 0.09091 0.003 0.2 0.5
0.03 0.09083 0.00002 0.2
0.06 0.09091 0.06 0.2

NDN-Router 8 0.06 0.09091 0.06 0.2 0.5
0.06 0.09098 0.07 0.4
0.13 0.09091 0.10 0.8

NDN-Router 9 0.13 0.09091 0.005 0.3 1
0.13 0.09083 0.000004 0.4
0.10 0.09091 0.06 0.4

NDN-Router 10 0.10 0.09091 0.03 0.3 1
0.10 0.09098 0.08 0.7

method, enhances the reference rate to NDN routers’

caches.

Figure [6] illustrates the RTT of the transmitted In-
terest and its delivered Data. The average delay of
the proposed scheme, in both cases of disabled- and

enabled-cache consumers, decreases about 0.01% in
comparison with the betweenness-centrality method.
The reason is that, in both cases, the NDN routers
help to satisfy Interest packets and reduce the request-
response RTT from the user’s standpoint. Here is
the place where the caching role of NDN routers is
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Comparison of Average Interest-Data Delays
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Figure 6. Average Round-Trip Time of Interest-Data Delay in
Betweenness and Proposed Methods With Content Size=1MB
by Enabling and Disabling Caches in Consumers.

ultimately proved worthwhile. In addition, it is illus-
trated that, in the enabled-cache scenario, by employ-
ing the caches in consumers, the RTT is less than the
disabled-cache scenario. Therefore, by enabling con-
sumers’ caches, the request-satisfaction time can be
improved.

6 Conclusion

The router’s caching is one of the critical issues in
NDN performance. In this article, the possibility of less
in-network caching, by means of a new probabilistic
caching strategy, is investigated. To assign a caching
probability to each router in this network, a method
is proposed based on both a long-term static metric
(betweenness-centrality) and two short-term dynamic
metrics (the number of Pending Interests and the
number of unique satisfied /hit Interests) for an NDN
router. After the short-term parameters are smoothed
out by using LWMA | a data fusion technique based on
Randomized-SVD is applied to extract the principal
features of collected data set. Using these features,
the caching probability of each router is obtained.
Two typical scenarios based on Abilene core topology
are implemented in NS-3 simulator to evaluate the
performance of the proposed method.

The evaluation results could reveal that the pro-
posed method does not just increase the average hit
ratio of NDN routers, but it has also the advantage
of exploiting information of graph-based centrality
metric without considerable computation in nodes
and message-passing between them. As assessed, in-
network NDN routers have compensated the disabled
caches of consumers. In addition, the caches of the
overall NDN layer, in the enabled-cache consumer’s
case, perform better than betweenness scheme by find-
ing the important routers to store data chunks.

Furthermore, it is observed that by allocating a
proper probability for storing the data chunks and re-

ducing the unnecessary caching in NDN routers, it is
possible to decrease the energy consumption while pre-
serving a relatively good performance. Future efforts
for extending this study involve applying mobility in
NDN for real-time applications.
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