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Abstract—In this paper we propose a novel distributed caching
scheme in Heterogeneous Cellular Networks (HCN). We are in-
terested in optimizing the content placement in order to minimize
the downloading latency. We achieve this in a decentralized
manner, based on a game of independent learning automata
(LA). First, we propose a faster-converging discrete generalist
pursuit algorithm (DGPA) for a single LA based on the concept
of conditional inaction (CI), referred to as CI-DGPA. Then
we develop a framework for a game of LA based on CI-
DGPA defining the information exchange between learners and
the environment. Within this framework, we design a reward
function that approaches the performance of a greedy algorithm
and show that a smart partition of the search space can double
the game convergence speed, thereby halving the overhead due
to signalling. Simulations show that our scheme can approach
the greedy algorithm with a very small performance gap while
providing a much lower computational complexity.

I. INTRODUCTION

With the rapid increase in the number of mobile user ter-
minals (UT) and vast demand from bandwidth-hungry mobile
services, wireless data traffic is expected to increase by three
orders of magnitude over the next ten years. Heterogeneous
cellular networks (HCN) has been shown as a promising
approach to increasing the capacity while enhancing coverage
of cellular networks. In HCNs, low power nodes, referred to
as small-cell base stations (SBS), are flexibly deployed to help
offload the traffic from the Macro-cell base stations (MBS) [1].

Among all wireless data traffic, the data traffic of video
on demand (VoD) is expected to increase of two orders of
magnitude in the next five years [2]. In VoD, the bulk of
download requests have been placed over a small portion of
popular content, which leads to redundant transmissions and
low spectrum efficiency. To mitigate the redundancy of data
transmissions and offload the data traffic from the MBS, an
efficient solution is to locally store popular data into Helpers,
known as caching [3, 4]. These Helpers can help provide data
downloading services to their adjacent UTs, by exploiting
their storage capacity to offload the downloading of popular
contents from MBS and thus improve the spectrum efficiency.
In HCNs, the function of Helpers can be performed by SBSs,
such as femto-cells and pico-cells base stations (BS).

One prominent advantage of data caching is the reduction of
downloading latency due to the short distance communications
between Helpers and UTs. How to place the data to the Helpers
to minimize the downloading latency is a non-trivial problem.
It has been proved in [1] that if the deployment of Helpers

is dense enough so that UTs can chose between two or more
Helpers, the optimization problem becomes NP-Hard and is
intractable. A number of attempts have been made to find a
low complexity algorithm able to estimate the optimal data
placement in HCNs [1, 5–7].

The authors in [1] proposed a sub-optimal greedy strategy
provably within a factor of two of the optimum. In [5] a
centralized greedy algorithm is proposed to tackle the problem
of multiple-type data offloading under realistic assumptions.
However, both of the two papers assume the full channel state
information (CSI) at the MBS, which is not very practical
in real systems. Moreover, these two centralized algorithms
imposed a heavy computational burden on the MBS, which
is unfeasible for large networks. In [7], a machine learning
algorithm was shown to learn the popularity profile of files,
based on the observation of instantaneous demand of cached
content. In [6], a distributed algorithm based on machine
learning was proposed to minimize the communications cost
of cache replacement. However, both [6] and [7] only focused
on a single learner scenario, leaving open the question of a
multy-agent implementation.

In this paper we propose a distributed and decentralized
algorithm to optimize the cache content placement in HCNs.
The benefit of a decentralized approach is twofold: 1) There
is no need for full CSI at the MBS; 2) The computational
resources at the MBS do not limit the network caching
size. On the other hand, a distributed approach ensures low
communication complexity since learners act independently
without exchanging information. Learning automata (LA) [8]
have been extensively shown to be suitable for solving NP-
hard problems [9]. In this study, we aim at coordinating a team
of independent LA, so that they collectively converge to the
content placement that minimizes the latency perceived by the
users. The design of a time-invariant reward function equally
suitable to every learner, has presented a number of challenges
and it constitutes the central contribution of this work.

First, we introduce the concept of conditional inaction (CI)
and propose a faster-converging discrete generalized pursuit
algorithm (DGPA) for a single LA, referred to as CI-DGPA.
Then, we develop a framework for a game of independent
LA by 1) defining a learning environment, 2) specifying how
LAs interact with it, 3) designing a suitable reward function.
Finally, we show that a smart partition of the search space
can double the game convergence speed, thereby halving
the overhead due to signaling. Simulations show that our
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scheme closely approaches the performance of a centralized
greedy algorithm (benchmark), without relying on full CSI and
ensuring low computational complexity.

II. SYSTEM MODEL

Consider a single MBS serving N simultaneously-
active user terminals (UTs) represented by the set U =
{u1, . . . , uN}. Each UT is seeking to download a file from
a library of files F available at the MBS, where F =
{f1, · · · , fF }. We denote by l = [l1, · · · , lF ] be the vector
of files’ demand distribution, where li, i = 1, · · · , F ,
is the probability that any UTs place a request over file fi.
Within the cell a set of H Helpers H = {h1, · · · , hH}
cache M files each from the library F , and can serve an
unlimited number of requests from UTs. The files placement
can be described by the M×H file allocation matrix A whose
element ak,j represents the k-th file cached by Helper hj with
k = 1, · · · ,M and j = 1, · · · , H . At any given time,
UTs dispose of a set of content providers composed by the
MBS, together with H Helpers scattered across the cell. Let
Π = {Π1,Π2, . . . ,ΠH+1} be such a set, where Π1 represents
the MBS, Π2 is the first Helper h1, Π3 is the second Helper h2

and so on. We assume that UTs chose to download each file
from the provider with the highest signal-to-noise ratio (SNR),
referred to as highest SNR policy (HSP). A consequence of
the HSP is that Helpers are never chosen by any users unless
they can provide content with a lower latency than the MBS.
In the rest of the paper we will assume that files cannot be
fragmented. Moreover the network caching capacity, that is
the maximum number of files that can be simultaneously off-
loaded from the MBS, equals the size of the library such that
F = H ·M .

The channel gain between UTs and providers can be written
as d−αn,j , where dn,j represents the line-of-sight distance be-
tween un and Πj , and α is the path loss coefficient. Assuming
transmissions at the Shannon bound, the downloading latency
between UT un and provider Πj can be written as

τn,Πj =
B

W · log(1 + ρ · d−αn,j )
, (1)

where B is the file length (bits), W the channel bandwidth
(Hertz) and ρ the link’s SNR. The static wireless network can
be fully described by a weighted bipartite graph as shown in
Fig. 1. Here an edge (u, π) denotes that a communication link
exists from UT un to provider πj with a latency τn,πj

indicated
by its corresponding weight. In order to ensure the Helpers
have a chance of being selected by the UTs, the network delays
in Eq.(1) are assigned as follows:

τn,Πj =

 τn,MBS if j = 1
τn,hj

if τn,hj
< τn,Π1

∞ otherwise
.

The number of Helpers that can communicate with the n-
th UT is denoted by dun and referred to as degree of un.
Similarly, dhj is the degree of Helper hj and represents the
set of users connected to Helper j. The solution to the caching
problem is trivial when each UT can connect only to a single

BS h1 hj hH

u1 un uN

du1

dhj

t 1,BS

Fig. 1. The Network can be represented by means of a bi-partite graph.

Helper and this corresponds to caching in each Helper the
most popular files [1]. However, when users can chose where
to download the files, that is dun > 1, the caching problem
becomes NP-hard. In this work we enforce this constraint by
considering only networks for which dun

≥ 2,∀un ∈ U .

A. Optimal Allocation

Our goal is to determine the allocation matrix A that
minimizes the delay perceived by the UTs when downloading
files from a library F . Let Π

(i,n)
j ∈ Π denote that the j-th

provider can serve file fi to UT un. Let τ
n,Π

(i,n)
j

be the latency
of the corresponding link. For each file fi ∈ F , UTs apply
the HSP to select the best provider Π

(i,n)
j∗ ∈ Π as follows:

Π
(i,n)
j∗ = argmin

Π
(i,n)
j ∈Π

{
τ
n,Π

(i,n)
j

}
, (2)

Let Γn = [Γ
(1)
n , . . . ,Γ

(F )
n ] be the 1 × F vector of delays

corresponding to the HSP-selected files for the n-th UT, where

Γ(i)
n = τ

n,Π
(i,n)

j∗
. (3)

We define the weighted delay (WD) Ωn for user un as

Ωn =

F∑
i=1

li · Γ(i)
n , (4)

and the network average weighted delay (NAWD) Ω̄ as

Ω̄ =
1

N

N∑
n=1

F∑
i=1

li · Γ(i)
n . (5)

Our goal is to find the allocation matrix to minimize the
NAWD. We refer to such allocation Ao as the optimal solution,
denoted by

Ao = arg min
A

{
Ω̄
}
. (6)

III. LEARNING AUTOMATA

The goal of a Learning Automata (LA) is to determine the
optimal action out of a set of allowable actions, where the
optimal action is defined as the action that maximizes the
probability of being rewarded [8]. A LA operates on a set
of actions A = {α1, α2, . . . , αS} and receives a feedback β
represented by a binary variable β ∈ [0, 1] resulting from
the interaction with an environment, which is the system the
automaton learns from. In an iterative fashion, the automaton
uses this response and the knowledge acquired in the past
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actions to determine the next action. A LA operates on the
vector P (t) referred to as the action probability vector

P (t) = [p1(t), · · · , pS(t)], (7)

where pi(t) = Pr[σ(t) = αi] ≥ 0 is the probability that the
automaton will select the action αi at time t and it satisfies∑

m=1

pi(t) = 1 for all ”t”, (8)

and a vector d̂(t) of estimates for the reward probability of
the actions set A is given by

d̂(t) = [d1(t), · · · , dS(t)]. (9)

At time t, the LA chooses an action σ(t) ∈ A according to
the probability mass function P(t) and uses the response from
the Environment β and the vector d̂(t) to calculate P(t + 1)
and therefore influence the selection of the action in the next
iteration.

A. Discrete Generalized Pursuit Algorithm

We consider a type of variable-structure stochastic automata
VSSA known as Pursuit Learning Automata. Specifically,
we focus on discrete generalized pursuit learning Automata
(DGPA) as they were empirically proven to be the fastest and
most accurate algorithm for Learning Automata [8]. A DGPA
generalizes the concept of the pursuit algorithm by pursuing all
the actions that, according to the reward probability estimates,
are more likely to be rewarded than the current chosen action.
The algorithm recursively updates the actions probability vec-
tor P(t) by means of a direction vector e(t) according to the
following equation [8]

P (t+ 1) = P (t) +
∆

K(t)
e(t)− ∆

r −K(t)
[u− e(t)], (10)

where K(t) represents the number of actions to pursuit at time
t and

ej(t) =

{
0, if d̂j(t) ≤ d̂i(t) ∩ j 6= i

1 if d̂j(t) > d̂i(t) ∩ j 6= i

ei(t) =

{
1, if d̂i(t) = max

{
d̂j(t)

}
0, otherwise.

.

(11)

Also in (10), ∆ is referred to as the step size of the algorithm
and results in a trade-off between convergence time (number
of iterations) and convergence accuracy, that is, the probability
that the algorithm converge to the optimal action. Larger ∆
results in shorter convergence time and lower accuracy and
vice versa. The algorithm is said to have converged to action
αc ∈ A if the corresponding mass probability is grater than a
probability convergence threshold pc ≥ pTh.

B. Conditional-Inaction DGPA

Note in (10) that the actions probability update is condi-
tioned solely on the current reward probability estimates d̂(t).
An action αi may be rewarded even if its corresponding mass
probability pi(t) reached zero as a result of a series of penalties

being assigned to it. Therefore, discarded actions may be re-
considered during the learning process of the LA. To shorten
the convergence time, we introduce the concept of Conditional
Inaction, and propose a novel probability update policy. Based
both on d̂(t) and P̂ (t) the search space A is partitioned into
three non-overlapping sets; indicating with K(t) the number
of actions to reward and K ′(t) those to penalize, we calculate
the vector of increments eI (t) as

eIj (t) =

 1,
0,
0,

if d̂j(t) > d̂i(t) ∪ pj(t) 6= 0

if d̂j(t) ≤ d̂i(t) ∪ pj(t) 6= 0
if pj(t) = 0

eIi (t) =

{
1,
0,

if d̂i(t) = max
{

d̂(t)
}

otherwise

(12)

and the vector of decrements eD (t) as

eDj (t) =

 0,
1,
0,

if d̂j(t) > d̂i(t) ∪ pj(t) 6= 0

if d̂j(t) ≤ d̂i(t) ∪ pj(t) 6= 0
if pj(t) = 0

eDi (t) =

{
1,
0,

if d̂i(t) 6= max
{

d̂(t)
}

otherwise

(13)

and update the actions probability vector as follows.

P (t+ 1) = P (t) +
∆

K(t)
eI (t)− ∆

K ′(t)
eD (t). (14)

IV. DISTRIBUTED CACHING BASED ON LA

In this section, we propose a decentralized approach to
the caching problem formulated in sec. II-A through a set of
independent Learning Automata (LA). Let D = {δ1, ..., δD}
denote the set of independent Learners, E the environment
which is the system the LAs learn from, and β a Reward
Function (RF) or feedback. Given the CI-DGPA algorithm
described in III-B, our goal is to design the tuple 〈Do,Eo,βo〉
so that

〈Do,Eo,βo〉 = arg min
〈D,E,β〉

{∣∣Ω̄Ac
− Ω̄Ao

∣∣} , (15)

where Ω̄A is the network average weighted delay correspond-
ing to an allocation matrix A.

A. Environment

The set of UTs scattered across the cell constitute the
environment from which the system learns. Let N UTs be
simultaneously active in the cell. At time t = 0, H Helpers
broadcast their intention to cache M files and are informed
from the MBS of the popularity of a library F of files. After
a detection phase, each UT estimates the latency of dun links
with the respective providers Πj , j = 1, · · · , H + 1. Each
step of the learning process occurs over the following three
consecutive time slots. (1) A Learners selection slot Sσ of
duration Tσ when Learners select an action and broadcast their
choice across the cell thus building an allocation matrix A(t).
(2) A users feedback slot Sε (Tε) during which UTs identify
the set of HSP-selected providers and send their feedbacks
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ε ∈ < to the Learners. (3) An environment feedback slot
Sβ (Tβ) during which each learner determines a feedback
β ∈ [0, 1] for the action taken. The duration of a single game
iteration can therefore be written as TI = Tσ + Tε + Tβ . If
IG denotes the number of iterations required in the game to
converge to an allocation matrix, the game convergence time
can be expressed as TAc

= IG · TI .

B. Learners and Actions Space
Each Helper’s cache can be represented with a set of

M memory slots each capable of storing one entire file
of B (bits). A one-to-one correspondence between learning
agents and memory slots is assumed. Let D be the M × H
matrix representing the set of Learners, where δk,j with
k = 1, · · · ,M and j = 1, · · · , H , denotes the LA learning
the k-th file in the cache of the j-th Helper. Learners (memory
slots) take actions by selecting which files to cache from a
set Ak,j of files where Ak,j ∈ F . Let Pk,j , σk,j ∈ Ak,j
and βk,j be respectively the actions probability vector, the
currently selected file, and the corresponding feedback from
the environment for learner δk,j . We propose three strategies
to determine the actions set Ak,j of each learner, also referred
to as learning schemes; a non cooperative (NC), a cooperative
hard (CH), and cooperative shuffle (CS) scheme. The first
is a direct application of the learning algorithm described
in sec. III-B where each learner operates on the totality of
files in the library Ak,j = {f1, · · · , fF }. Because there
is no correlation between the probability mass functions of
any two Learners in the cell, redundancies might occur along
the columns of the resulting allocation matrix A(t). This
can be easily avoided by carefully designing the environment
feedback, so that if two Learners of a same Helper take the
same action, σk,j = σk′,j with k < k′, only learner δk,j can
be rewarded by a UT. The second scheme is motivated by
the convergence results of a single CI-DGPA over a random
environment V. In CH the library F is partitioned into M
non-overlapping subsets of H files so that

Ak,j =
{
f[(k−1)·H]+1, · · · , f(k·H)

}
. (16)

With smaller actions sets, this approach can substantially
reduce the convergence time of each learner. Moreover, given
the orthogonality of the actions sets Ak,j file duplications are
inherently avoided. However, the files’ position in the library,
that is, the order of appearance of files in F , is likely to
compromise the performance of the algorithm. For instance, if
files in F were placed in descending order according to their
popularity, allocation matrices with two or more most popular
files would be excluded from the space of possible solutions.
In order to mitigate this effect while retaining the benefits of
smaller actions sets, we propose a cooperative shuffle scheme.
This motivated the third scheme (CS) where each Helper
builds its set of actions independently, by uniformly selecting
at random H files from the library F . We refer to sec. V for
a comparison of their performance.

C. Feedback
The N user terminals scattered across the cell constitute

the environment from which the system learns. Let ε(n)
k,j ∈ <,

represent the feedback that user un sends to learner δk,j
during Sε. The design of ε

(n)
k,j is based on the following

considerations; more popular files account for a higher share of
the users weighted delay as shown in Eq. (4); as a consequence
of the HSP files selection policy, feedbacks should be distance-
dependant, so that more weight is given to feedbacks from
closer UTs. We correspond ε

(n)
k,j > 0 to positive feedbacks

and ε(n)
k,j < 0 to negative feedbacks. Moreover, we consider a

symmetric scheme so that the feedback from user un over file
fi can be written as

ε
(n)
k,j =

{
ΨR = +li/Γ

(i)
n reward

ΨP = −li/τn,j penalty
, (17)

where li is the files’s popularity and Γ
(i)
n is the latency of

the down-link with the HSP-selected j-th provider (3). For
each learning agent the environment feedback βk,j ∈ [0, 1]

is determined based on the set {ε(n)
k,j } of users feedbacks

received in a democratic proportional fashion. A cumulative
users feedback Ek,j is calculated at the Learners side

Ek,j =

dhj∑
n=1

ε
(n)
k,j , (18)

and an action is rewarded if and only if Ek,j > 0, that is, a
positive feedback is received from the majority of UTs. We
propose two RFs referred to as Weighted-Delay Based WDB
and Average Weighted-Delay Based AWDB.

D. WDB Feedback

The central idea behind the Weighted Delay Based (WDB)
feedback is to achieve the objective function Eq. (6) through
the minimization of the weighted delays of each UT. The
feedbacks from UTs are both based on the set of HSP-selected
provider Π̃j and the user’s current Ωn, i.e.,

ε
(n)
k,j =

{
ΨR if δk,j ∈ Π̃j ∩ Ωn ≤ Ωmin

ΨP if (δk,j ∈ Π̃j ∩ Ωn > Ωmin) ∪ δk,j /∈ Π̃j
,

(19)
where Ωmin denotes the learner’s current minimum weighted
delay. The resulting environment feedback is positive (βk,j =
1) if Ek,j > 0, and negative (βk,j = 0) otherwise.

E. AWDB Feedback

The AWDB reward function aims at rewarding a Learner
only if its choice contributes to lower the AWD of the UTs
connected to it. During the users feedback time-slot Sε, UTs
broadcast both their current weighted delays as from ( 4) and
their individual feedback calculated as in WDB Sec. 4. The
environment feedback βk,j is obtained as follows.

βk,j =

{
1 if Ek,j > 0 ∩ Ω̄j ≤ Ω̄min

0 otherwise
, (20)

where Ω̄j represents the average weighted delay of the set of
users Dhj

= {n : τn,hj
<∞} connected to learner δk,j .
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Fig. 2. Average accuracy and convergence speed (number of iterations) for
CI-DGPA and DGPA over the Random Environment for different σ2

A.

F. Game Initialisation

The vector of estimates for the reward probabilities d̂k,j(0)
is initially set to zero for any Learner in the game and is
populated during the initialisation phase, referred to as game
initialisation. Learners select files uniformly at random until
each file is selected a minimum number of times denoted
by Zmin. At each iteration, the elements of d̂k,j are updated
with the maximum likelihood estimation (MSE) of the reward
probability d̂i(t) = Wfi(t)/Zfi(t), where Zfi(t) and Wfi(t)
denote respectively the number of times file fi has been
selected and rewarded at time t. The initialisation is assumed
to be successful if d̂(0) 6= 0,∀k ≤M,∀j ≤ H .

V. PERFORMANCE EVALUATION

We evaluate accuracy and convergence speed of the pro-
posed CI-DGPA in a Normal environment defined as follows.
Let αo ∈ A be the optimal action in the setA. The action taken
by the LA is assessed against a current optimum α̂(t) ∈ A,
modeled by a discrete additive gaussian-like random process of
power σ2

A and expectation E[α̂(t)] = αo. Although impracti-
cal for many applications, a Normal environment can provide a
lower bound on the performance of the LA, as well as a useful
indication of its ability to cope with random fluctuations.
Simulations over a maximum search space size of 20 actions
show that CI-DGPA successfully meets a trade-off between
convergence time and learning accuracy. As shown in Fig. 2,
the average convergence time of CI-DGPA outperforms that
of the DGPA and appears to increase linearly with the search
space size. In terms of accuracy, CI-DGPA is comparable for
σ2
A < 1, while a small gap can be observed for σ2

A = 1
and higher. Results were average by varying αo across the
entire search space, and repeating the learning process 100

times for each value of αo. For an action set of size 20 and
σ2
A = 0.5 both algorithms show a 100% accuracy with CI-

DGPA considerably saving on number of iterations.
Note that in the multi-agent game of LA proposed in

Sec. IV, information is exchanged between learners and UTs
at each iteration. As a result, longer convergence times can
reduce the spectral efficiency due to increased transmission
overhead. Therefore, despite its slightly lower accuracy, the
faster convergence of CI-DGPA is a promising feature for the
feasibility of the decentralized caching algorithm.

A. Benchmark: The Greedy Placement

A common benchmark in wireless caching is represented by
greedy algorithms. By definition, a greedy algorithm makes
a locally optimal choice in the hope that this will lead to
a globally optimal solution [10]. The process involves one
Helper at a time, randomly selected from the set of Helpers
H. For each Helper, the MBS identifies the set of M files
which minimizes the average weighted delay (AWD) of its
dhj surrounding UTs. Under the assumption of full channel
state information (CSI), the MBS determines the UTs’ files
selection according to the HSP policy, and estimates the
weighted delay of the UTs. The group of M files which
result in the lowest AWD is cached in the current Helper.
Note that no file duplicates are allowed in the cache of any
Helper. Moreover, the files’ position in the Helper’s cache has
no impact on the system performance. The Greedy algorithm
searches among ΥG = H ·

(
F
M

)
allocations, where

(
F
M

)
is

the Newton binomial, F is the size of the library F and M
is the cache size of each Helper. The files popularity was
modelled with a Zip-f distribution with discounted rate γ,
where 0 ≤ γ ≤ 1.

B. Numeric Results

Fig. 3 shows the network average weighted delay (NAWD)
for different cache placements, as a function of the discounted
rate γ. Let delay gain (DG) be the difference between the UTs
average latency with and without caching. A first comparison
can be drawn for the three learning schemes proposed in
Sec. IV-B. Both NC and CS learning schemes achieve a
comparable DG across the entire range of γs with the CS
scheme converging twice as fast as the NC case (387.4 vs
808.0 respectively). Finally, the CH learning scheme exhibits
a higher network delay (8.5% higher compared to CS or NC)
and a higher convergence time (about 14% longer than CS)
as a result of the hard partitioning of the search space A. The
same figure compares the NAWD resulting from the fastest
learning scheme (CS) with the AWDB reward function (see
Sec. IV-E), with that resulting from the greedy placement.
For γ = 0.7, the proposed scheme shows a DG of 35.6%,
while the greedy placement gains a 42.45%. The random
placement completes Fig. 3 showing that the NAWD can be
reduced of one fifth (21.3%) by populating the Helper’s cache
uniformly at random. In order to perform a statistical analysis
of the latency experienced by the UTs, a set of 104 networks
was generated. Fig. 4 compares the Cumulative Distribution
Functions (CDFs) of the average delay (NAWD) resulting
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Fig. 3. NAWD Comparison for 104 networks with twelve Helper (H=12),
M=3 and N=100 UTs randomly placed in a 1Km2 square cell.

TABLE I
DELAY GAIN AT THE 99-TH PERCENTILE OF THE NAWD

γ ∆Ω̄0.01,G
(%) ∆Ω̄0.01,L

(%) ∆G,L

1 53.99 44.51 9.48
0.5 35.41 30.70 4.70
0.1 25.11 22.87 2.22

by the decentralized learning scheme based on CI-DGPA,
with the one of a centralized greedy algorithm. Results are
compared to the un-cached case. Overall, higher γs result in
a larger performance gap between CI-DGPA and greedy. We
denote with ∆Ω̄0.01,G

the difference in the 99-th percentile
of the NAWD, between the un-cached network and the cache
placement based on the greedy algorithm. Let ∆Ω̄0.01,L

be the
corresponding difference for the CI-DGPA learning scheme
and ∆G,L = ∆Ω̄0.01,G

− ∆Ω̄0.01,L
. Table I shows that ∆G,L

increases with γ. For γ = 0.1 the 99-th percentile of the
NAWD with the proposed algorithm is only a 2% higher than
the corresponding delay with a greedy centralized placement.
The same value is reported to be a 4.70% and a 9.48% higher
for γ = 0.5 and γ = 1 respectively. Results were simulated for
a wireless network with H = 12, M = 3, and N = 100 with a
team of 36 independent CI-DGPA LA as per Sec. III-B. Every
channel in the network was assumed to be i.i.d AWGN with
normalized noise power σ2 = 1, transmission power PTx

and
identical path loss exponent α = 3. Simulations are obtained
for a 1Km2 square cell, files of identical size B = 107 (bits),
∆ = 1, Zmin = 5 and a convergence probability threshold of
0.999. The learning process is considered to have converged
when the last Learner reached convergence.

VI. CONCLUSIONS

In this paper a decentralized algorithm has been proposed
to solve the cache placement problem in wireless networks,
based on a game of independent Learning Automata (LA).
Motivated by the need of reducing the signaling overhead, we
have proposed a faster-converging DGPA algorithm for LA
based on the concept of conditional inaction (CI-DGPA). We
have designed two reward functions and empirically shown
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Fig. 4. Cumulative Distribution Functions (CDFs) of the NAWD for 104

networks with twelve Helper (H=12), M=3 and N=100 UTs randomly placed
in a 1Km2 square cell.

how the game convergence speed can be doubled by randomly
sharing the actions space set among co-located learning agents.
Statistical investigations have shown that the decentralized
solution approaches the performance of a centralized greedy
algorithm, ensuring lower computation complexity and bypass-
ing the need for full CSI. Although a full cost-complexity
analysis is yet to be developed, the distributed nature of
CI-DGPA overcomes the need of communication channels
among Helpers. This in turns reduces the overhead due to
signaling and suggests the algorithm’s suitability for real world
implementation.
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