
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Jameel, Furqan; Khan, Wali Ullah; Jamshed, Muhammad Ali; Pervaiz, Haris; Abbasi,
Qammer; Jantti, Riku
Reinforcement learning for scalable and reliable power allocation in SDN-based backscatter
heterogeneous network

Published in:
IEEE INFOCOM 2020 - IEEE Conference on Computer Communications Workshops, INFOCOM WKSHPS
2020

DOI:
10.1109/INFOCOMWKSHPS50562.2020.9162720

Published: 01/07/2020

Document Version
Peer-reviewed accepted author manuscript, also known as Final accepted manuscript or Post-print

Please cite the original version:
Jameel, F., Khan, W. U., Jamshed, M. A., Pervaiz, H., Abbasi, Q., & Jantti, R. (2020). Reinforcement learning for
scalable and reliable power allocation in SDN-based backscatter heterogeneous network. In IEEE INFOCOM
2020 - IEEE Conference on Computer Communications Workshops, INFOCOM WKSHPS 2020 (pp. 1069-
1074). Article 9162720 IEEE. https://doi.org/10.1109/INFOCOMWKSHPS50562.2020.9162720

https://doi.org/10.1109/INFOCOMWKSHPS50562.2020.9162720
https://doi.org/10.1109/INFOCOMWKSHPS50562.2020.9162720


R ei nf or c e m e nt  L e ar ni n g f or S c al a bl e a n d  R eli a bl e
P o w er  All o c ati o n i n S D N- b as e d  B a c ks c att er

H et er o g e n e o us  N et w or k

F ur q a n J a m e el ∗ ,  Wali  Ull a h  K h a n† ,  M u h a m m a d  Ali J a ms h e d‡ ,  H aris P er v ai z§ ,  Q a m m er  A b b asi¶ ,  Ri k u Jä ntti ∗
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A bstr a ct — B a c ks c att e r h et e r o g e n e o us n et w o r ks a r e e x p e ct e d t o
us h e r a n e w e r a of  m assi v e c o n n e cti vit y of l o w- p o w e r e d d e vi c es.
Wit h t h e i nt e g r ati o n of s oft w a r e- d e fi n e d n et w o r ki n g ( S D N), s u c h
n et w o r ks h ol d t h e p r o mis e t o b e a k e y e n a bli n g t e c h n ol o g y
f o r  m assi v e I nt e r n et- of-t hi n gs (I o T) d u e t o  m y ri a d a p pli c ati o ns
i n i n d ust ri al a ut o m ati o n, h e alt h c a r e, a n d l o gisti cs  m a n a g e m e nt.
H o w e v e r, t h e r e a r e  m a n y as p e cts of S D N- b as e d b a c ks c att e r
h et e r o g e n e o us n et w o r ks t h at n e e d f u rt h e r d e v el o p m e nt b ef o r e
p r a cti c al r e ali z ati o n.  O n e of t h e c h all e n gi n g as p e cts is t h e hi g h
l e v el of i nt e rf e r e n c e d u e t o t h e r e us e of s p e ct r al r es o u r c es
f o r b a c ks c att e r c o m m u ni c ati o ns.  T o p a rtl y a d d r ess t his iss u e,
t his a rti cl e p r o vi d es a r ei nf o r c e m e nt l e a r ni n g- b as e d s ol uti o n
f o r eff e cti v e i nt e rf e r e n c e  m a n a g e m e nt  w h e n b a c ks c att e r t a gs
c o e xist  wit h ot h e r l e g a c y d e vi c es i n a h et e r o g e n e o us n et w o r k.
S p e ci fi c all y, usi n g r ei nf o r c e m e nt l e a r ni n g, t h e a g e nts a r e t r ai n e d
t o  mi ni mi z e t h e i nt e rf e r e n c e f o r  m a c r o- c ell (l e g a c y us e rs) a n d
s m all- c ell ( b a c ks c att e r t a gs).  N o v el r e w a r d f u n cti o ns f o r b ot h
m a c r o- a n d s m all- c ells h a v e b e e n d esi g n e d t h at h el p i n c o nt r olli n g
t h e t r a ns missi o n p o w e r l e v els of us e rs.  T h e r es ults s h o w t h at
t h e p r o p os e d f r a m e w o r k n ot o nl y i m p r o v es t h e p e rf o r m a n c e of
m a c r o- c ell us e rs b ut als o f ul fills t h e q u alit y of s e r vi c e r e q ui r e-
m e nts of b a c ks c att e r t a gs b y o pti mi zi n g t h e l o n g-t e r m r e w a r ds.

I n d e x  Ter ms — B a c ks c att e r c o m m u ni c ati o ns, I nt e r n et- of-t hi n gs
(I o T), I nt e rf e r e n c e  m a n a g e m e nt,  R ei nf o r c e m e nt l e a r ni n g.

I. I N T R O D U C T I O N

B a c ks c att er c o m m u ni c ati o n is e v ol vi n g as t h e c utti n g-
e d g e t e c h n ol o g y t o e n a bl e ultr a-l o w- p o w er a n d c ost- ef fi ci e nt
c o m m u ni c ati o ns f or f ut ur e I nt er n et- of-t hi n gs (I o T) [ 1].  T his
is a c hi e v e d b y usi n g a m bi e nt  R F si g n als  wit h o ut t h e n e e d
f or a cti v e  R F tr a ns missi o n. S p e ci fi c all y, b y  m o d ul ati n g a n d
r e fl e cti n g t h e r e c ei v e d  R F si g n al, a b a c ks c att er t a g tr a ns-
mits t h e d at a t o n e ar b y d e vi c es r at h er t h a n g e n er ati n g  R F
si g n als usi n g os cill at ors [ 2].  D u e t o s u c h e as e of us e a n d
ef fi ci e n c y, t his e m er gi n g t e c h n ol o g y h as b e e n pr o p os e d t o
us e i n h e alt h c ar e n et w or ks a n d f or i n d ustri al a ut o m ati o n.
T his c o m m u ni c ati o n  m et h o d h el ps a d dr ess t h e c o m m u ni c ati o n
a n d e n er g y ef fi ci e n c y-r el at e d iss u es of s m all d e vi c es  wit h
mi ni at ur e p o w er s o ur c es f or r e m ot e tr a c ki n g, a n d l o gisti cs
m a n a g e m e nt.  D es pit e c o m p elli n g a d v a nt a g es a n d a p pli c ati o ns
of t his t e c h n ol o g y, c ert ai n li mit ati o ns r estri ct t h e a d o pti o n of
w orl d wi d e b a c ks c att er c o m m u ni c ati o n s yst e ms [ 3].

I n t his r e g ar d, o n e of t h e pr o misi n g s ol uti o ns is t o us e
b a c ks c att er c o m m u ni c ati o ns  wit h t h e e xisti n g l e g a c y d e vi c es.
T his n ot o nl y i m pr o v es s o m e of t h e li mit ati o ns of t h e b a c ks c at-
t er t a gs b ut als o o p e ns n e w a v e n u es f or i m pr o v e d s p e ctr al
ef fi ci e n c y [ 4].  D u e t o r e c e nt a d v a n c es i n c o ntr oll a bl e s wit c h es,
s oft w ar e- d e fi n e d n et w or ki n g ( S D N) h as e m er g e d as a fl e xi bl e
t e c h n ol o g y f or c o n fi g uri n g n e w n et w or k d e vi c es a n d d e pl o yi n g
t h e diff er e nt a p pli c ati o ns i n cl o u d [ 5].  O n e of t h e  m ai n f e at ur es
of S D N is t h e d e c o u pli n g of d at a a n d c o ntr ol pl a n es [ 6]. I n
t his  m a n n er, t h e c o ntr ol f u n cti o ns c a n b e c e ntr ali z e d  w hi c h
is vi a bl e f or c e ntr all y c o ntr oll e d b a c ks c att er h et er o g e n e o us
n et w or ks.  A n S D N- b as e d b a c ks c att er h et er o g e n e o us n et w or k
is c o nsi d er e d o n e of t h e k e y e n a bl ers f or t h e c o e xist e n c e of
l e g a c y d e vi c es a n d b a c ks c att er t a gs.  T h e l o w- p o w er b a c ks c at-
t er d e vi c es c o m m u ni c at e  wit h o n e a n ot h er b y t a ki n g a d v a nt a g e
of t h e a v ail a bl e si g n als i n t h e s urr o u n di n g e n vir o n m e nt [ 7].
T h e r e c ei v er r e c ei v es t h e si g n als tr a ns mitt e d fr o m t h e c arri er
e mitt er or a n a m bi e nt  R F s o ur c e a n d d e c o d es t h es e si g n als
as t h e us ef ul i nf or m ati o n tr a ns mitt e d fr o m t h e tr a ns mitti n g
a nt e n n a.  B y s e gr e g ati n g t h e b a c ks c att er r e c ei v er a n d t h e c arri er
e mitt er, t h e n u m b er of  R F el e m e nts is r e d u c e d at b a c ks c att er
d e vi c es, a n d t h e y c a n o p er at e  m or e ef fi ci e ntl y [ 8].
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Fi g. 1.  A t y pi c al  Q-l e ar ni n g  m o d el c o nsisti n g of a n a g e nt t h at i nt er a cts  wit h
e n vir o n m e nt.

A.  R el at e d  W or k

I n r e c e nt y e ars, t h e p erf or m a n c e of b a c ks c att er c o m m u ni c a-
ti o ns h as b e e n e xt e nsi v el y st u di e d f or diff er e nt c o m m u ni c ati o n
c o n diti o ns. I n t his r e g ar d, t h e a ut h ors of [ 9] pr es e nt e d a n o pti-
mi z ati o n fr a m e w or k t o i m pr o v e t h e p erf or m a n c e of b a c ks c att er



networks. More specifically, their considered network setup
consists of a single source and destination along with several
wireless-powered backscatter tags. To maximize the through-
put, they solved the problem using the interior point method.
Similarly, the authors of [10] considered a scenario with
multiple backscatter tags and a single reader. Their considered
tags used monostatic formation and reflected the RF carrier
to the RF source. They optimized the successive decoding
rate of the system and showed that their scheme improves
the network performance. The authors of [1] explored the
rate-energy tradeoff of the backscatter communication sys-
tem. Their system model was composed of wireless-powered
backscatter tag communicating under the Rayleigh fading. The
authors of [11] provided measurement results for backscatter
communication in healthcare networks. They used monostatic
backscatter tags communicating at low frequencies for both
indoor communication conditions.

The reinforcement learning-based artificial intelligence al-
gorithms have been applied to wide areas of wireless com-
munication such as D2D communication [12]. Q-learning
is among the most explored and successful reinforcement
learning techniques [13]. In this case, the problem consists of
an environment and either single or multiple agents. As shown
in Fig. 1, by observing the current state of the system, an
agent takes action according to a stochastic policy. The authors
in [14] used a reinforcement learning-based power control
algorithm in underlay D2D communication and compared a
centralized Q-learning based algorithm with distributed Q-
learning. It was shown that distributed Q-learning users are en-
abled to self-organize by learning independently, thus, reduc-
ing the overall complexity of the system. In [15], the problem
of vehicle-to-vehicle (V2V) transmission of the message was
considered. However, there exist a few studies on backscatter
communication that employ machine learning techniques [16],
[17]. For instance, the authors of [18] used a supervised
machine learning technique (support vector machine) to detect
the signal from a backscatter tag by transforming the tag de-
tection into a classification task. In [19] the authors discussed
the ambient backscatter communication that enables wireless
devices to communicate without utilizing radio resources. The
system is modeled by the Markov decision process and the
optimal channel is obtained by the iterative algorithm.

B. Motivation and Contribution

The aforementioned research efforts have significantly ad-
vanced the state-of-the-art on backscatter communications.
However, the optimization aspect of backscatter communi-
cations has received little attention. The feasible adoption
of backscatter communication largely depends on the opti-
mization of existing solutions. Motivated by this objective,
we aim to provide a novel Q-learning solution for SDN-
based backscatter heterogeneous networks. The control plane
in SDN-based backscatter heterogeneous networks provide the
much-need flexibility for deploying Q-learning solutions. In
this way, the performance and behavior of the network can
be monitored and relevant information can be easily accessed

by different applications. According to the best of authors’
knowledge, the interference mitigation via Q-learning has
not been performed for SDN-based backscatter heterogeneous
networks. The main contribution of our work is twofold as
detailed below:

1) We develop an SDN-based backscatter heterogeneous
network to improve the spectral efficiency of the legacy
networks. Specifically, the monostatic backscatter tags
are associated with the small-cells that share the re-
sources with macro-cell. The quality of service require-
ments and interference constraints of both the monos-
tatic backscatter and legacy users have been taken into
account.

2) A Q-learning optimization framework has been proposed
to mitigate inter-cell interference. The Q-learning model
considers different rewards for both macro-cell and
small-cell. The results show that the proposed optimiza-
tion framework improves the performance of the SDN-
based backscatter heterogeneous network.

The remainder of the paper is organized as follows. Section
II provides the details of the considered system model. In Sec-
tion III, the proposed Q-learning framework for interference
minimization is provided. Section IV presents the simulation
results and provides a relevant discussion. Section V, finally,
presents some concluding remarks and future research direc-
tions.

II. SYSTEM MODEL

We consider an SDN-based uplink backscatter heteroge-
neous network having single macro-cell BS and multiple
small-cell BSs operating at sub-6 GHz, as illustrated in Fig. 2.
The control plane manages the communication, computation,
and storage control functions and runs different machine
learning applications. The control functions are centralized
in the SDN controller and all the BSs are connected to the
controller via optical fiber links, Based on the quality of ser-
vice requirements of different users [20], the SDN controller
can control the power levels of macro-cell BS and small-cell
BS. The macro-cell BS and small-cell BS are assumed to be
operating on the same channels using the same number of
resource blocks. Without loss of generality, we consider that a
user (i.e., monostatic backscatter or legacy user) can connect
to only one BS at a time, whereas, the users are considered to
be already associated with either the macro-cell BS or small-
cell BS. The monostatic backscatter users are assumed to be
communicating to small-cell BS while the legacy users are
considered to be communicating with the macro-cell BS.

For backscatter communications with small-cell BS, we
consider a monostatic backscatter configuration and that all
the backscatter tags1 are equipped with single antennas. Each
monostatic backscatter user is assumed to use a reflection
amplifier that is characterized by the negative load impedance
[3]. The channel coefficients between the small-cell BS and

1The phrases ‘backscatter tag’ and ‘backscatter user’ are used interchange-
ably throughout this paper.
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Fi g. 2. Ill ustr ati o n of S D N- b as e d b a c ks c att er h et er o g e n o us n et w or k c o nsisti n g
of  m a cr o- c ell a n d  m ulti pl e s m all- c ells.

b a c ks c att er tr a ns mitt er (i. e., dir e ct li n k), a n d b et w e e n t h e
b a c ks c att er tr a ns mitt er a n d s m all- c ell  B S (i. e., b a c ks c att er
li n k) ar e d e n ot e d as g s t a n d g t r .  D uri n g e a c h ti m e sl ot, t h e
b a c ks c att er tr a ns mitt er h as t o d e ci d e  w h et h er t o o p er at e i n
e n er g y h ar v esti n g  m o d e or b a c ks c att er  m o d e.  All t h e  m o n o-
st ati c b a c ks c att er t a gs ar e c o nsi d er e d t o b e e q ui p p e d  wit h a
r e c h ar g e a bl e b att er y s u c h t h at t h e b a c ks c att er tr a ns mitt er c a n
i m pr o v e its lif e c y cl e b y h ar v esti n g t h e  wir el ess- p o w er fr o m
t h e  R F c arri er of s m all- c ell  B S.

S p e ci fi c all y, t h e b a c ks c att er tr a ns mitt er us es t h e  R F si g n al
t o h ar v est e n er g y b y c o n v erti n g t h e  R F si g n al i nt o a dir e ct
c urr e nt.  T h e c oll e ct e d e n er g y c a n b e us e d f or c h ar gi n g t h e
b att er y or tr a nsf erri n g t h e d at a b a c k t o t h e s m all- c ell  B S.  T h us,
t h e h ar v est e d e n er g y c a n b e d e n ot e d as E i

h = η ρ E |g k, f
s t, i |2 P f

i ,

w h er e η d e n ot es t h e e n er g y h ar v esti n g ef fi ci e n c y, ρ E i s t h e
p o w er-s plitti n g r ati o, a n d P f

i i s t h e tr a ns mit p o w er of t h e
s m all- c ell  B S.  G e n er all y, t h e tr a ns missi o n si g n al is k n o w n
at t h e s m all- c ell  B S a n d, t h us t h e s m all- c ell  B S c a n a p pl y
i nt erf er e n c e c a n c ell ati o n t e c h ni q u es t o o bt ai n t h e si g n al fr o m
m o n ost ati c b a c ks c att er t a g [ 2 1].

T h e i nst a nt a n e o us SI N R at t h e k -t h s m all- c ell  B S c a n b e
writt e n as

Ω k, f
i =

µ ρ I P f
i |g k, f

s t, i |2 |g k, f
t r, i |

2

I 1 + I 2 + N 0
( 1)

w h er e 0 < µ < 1 is t h e r e fl e cti o n c o ef fi ci e nt, ρ I i s
t h e i nf or m ati o n pr o c essi n g p o w er-s plitti n g r ati o, g k, f

s t, i i s t h e
c h a n n el g ai n b et w e e n t h e i-t h b a c ks c att er us er a n d t h e k -t h
s m all- c ell  B S, N 0 r e pr es e nts t h e n ois e v ari a n c e of a d diti v e
w hit e  G a ussi a n n ois e ( A W G N), P f

i t h e tr a ns missi o n p o w er
of s m all- c ell  B S, I 1 a n d I 2 ar e t h e i nt erf er e n c es, r es p e cti v el y,
gi v e n as

I 1 =
j ∈ I m

P m
j |g m

t r, j |
2 , ( 2)

a n d

I 2 =
r ∈ I f

µ ρ I P f
r |g f

s t, r |2 |g f
t r, r |

2 . ( 3)

I n ( 2), I m i s t h e s et of i nt erf eri n g  m a cr o- c ell us ers o n
t h e s a m e s u b- c h a n n els. Si mil arl y, I f i n ( 3) r e pr es e nts t h e

i nt erf er e n c e fr o m  m o n ost ati c b a c ks c att er us ers i n t h e ot h er
s m all- c ell  B Ss.  N o w, t h e r e c ei v e d SI N R at t h e  m a cr o- c ell  B S
f or d e c o di n g t h e l-t h l e g a c y us er’s  m ess a g e c a n b e gi v e n as

Ω m
l =

P m
l |g m

t r,l |
2

I 1 + I 2 + N 0
, ( 4)

w h er e P m
l d e n ot es t h e tr a ns missi o n p o w er of t h e l e g a c y us er

t o t h e  m a cr o- c ell  B S, a n d g m
t r,l i s t h e c h a n n el g ai n b et w e e n l-t h

l e g a c y us er a n d  m a cr o- c ell  B S.

III.  S C A L A B L E , A N D R E L I A B L E P O W E R A L L O C A T I O N  V I A

R E I N F O R C E M E N T L E A R N I N G

B ef or e s ol vi n g t h e i nt erf er e n c e pr o bl e m i n S D N- b as e d
b a c ks c att er h et er o g e n e o us n et w or ks, it is i m p ort a nt t o u n-
d erst a n d t h e d y n a mi cs of diff er e nt e ntiti es i n t h e n et w or k.
We c o nsi d er t h at a d y n a mi c r es o ur c e all o c ati o n a p pli c ati o n
r u n ni n g i n t h e c o ntr ol pl a n e p erf or ms p o w er all o c ati o n vi a
r ei nf or c e m e nt l e ar ni n g. I n t his c as e,  w e r es ort t o usi n g  Q-
l e ar ni n g  w hi c h all o ws us t o fi n d t h e o pti m al p oli c y o v er t h e
l o n g-ti m e i nt er a cti o n of a g e nts. I n g e n er al,  Q-l e ar ni n g h as
t hr e e  m ai n c o m p o n e nts, i. e., st at e, r e w ar d, a n d a cti o n. I n t h at,
t h e a g e nt is r e w ar d e d b as e d o n t h e a cti o n it t a k es f or pr e-
d e fi n e d st at es. S p e ci fi c all y, t h e a g e nt us es t h e  Q-l e ar ni n g t a bl e
t o  m a xi mi z e t h e r e w ar d b y i nt er a cti n g  wit h t h e e n vir o n m e nt.
I n o ur c o nsi d er e d n et w or k s et u p, t h e a g e nts ar e t h e  m e m b ers
of t h e  m a cr o a n d s m all- c ells t h at ar e c o m p eti n g f or t h e c o n-
str ai n e d r es o ur c es.  As a r es ult of t his i nt er a cti o n, a si g ni fi c a nt
a m o u nt of i nt erf er e n c e is i ntr o d u c e d i n t h e n et w or k k n o w n as
c o- c h a n n el i nt erf er e n c es.  We a nti ci p at e t his i nt erf er e n c e c a n
b e  miti g at e d aft er fi n di n g t h e o pti m al p oli c y f or e a c h a g e nt
t h at l e ar ns i n d e p e n d e ntl y a b o ut t h e e n vir o n m e nt a n d d o n ot
c o o p er at e.

T o a v oi d t h e u nj ust distri b uti o n of r es o ur c es a n d  m a k e s ur e
t h at  m e m b ers of t h e  m a cr o- c ell d o n ot f all i n t h e l o w SI N R
r e gi o n,  w e ass u m e t h at t h e s m all- c ell  B S k n o ws t h e c h a n n el of
t h e  m a cr o- c ell.  T his ass u m pti o n is i n c or p or at e d i n t h e r e w ar d
f u n cti o n f or d e v el o pi n g t h e  Q-l e ar ni n g  m o d el.  We n o w pr o vi d e
d et ails of t h e st at e-r e w ar d f u n cti o n f or t h e pr o p os e d  Q-l e ar ni n g
m o d el.  H er e, f or t h e s a k e of si m pli cit y,  w e c o nsi d er t h at  w e
h a v e o n e  m a cr o- c ell  B S a n d t w o s m all- c ell  B Ss.  T his d o es n ot
u n d er mi n e t h e si g ni fi c a n c e of t h e pr o p os e d s ol uti o n si n c e t his
o pti mi z ati o n fr a m e w or k c a n b e e asil y e xt e n d e d f or a l ar g er
n u m b er of s m all- c ells i n t h e n et w or k.  M or e o v er, d u e t o t h e
diff er e nt d y n a mi cs of  m a cr o- c ell a n d s m all- c ell,  w e d e fi n e t h e
r e w ar d f u n cti o n s e p ar at el y f or b ot h c ells.

A. St at e

T h e st at e of a n y s m all- c ell s S M = { I Ω m
, IΩ i

, Ir } i s
r e pr es e nt e d, r es p e cti v el y, as a t u pl e of f oll o wi n g i n di c at ors:

I Ω m
=

1 Ω m ≥ Ω T

0 Ω m < Ω T
( 5)

I Ω i
=

1 Ω i ≥ Ω T

0 Ω i < Ω T
( 6)



T A B L E I
S T A T E S  O F  M A C R O - C E L L  A N D  S M A L L - C E L L .

S  N o. M a c r o- c ell St at es S m all- c ell St at es
1. s 0 ( 0 , 0 ) s 0 ( 0 , 0 , 0 )
2. s 1 ( 1 , 0 ) s 1 ( 0 , 1 , 0 )
3. s 2 ( 0 , 1 ) s 2 ( 0 , 0 , 1 )
4. s 3 ( 1 , 1 ) s 3 ( 0 , 1 , 1 )
5. s 4 ( 0 , 2 ) s 4 ( 0 , 0 , 2 )
6. s 5 ( 1 , 2 ) s 5 ( 0 , 1 , 2 )
7. s 6 ( 1 , 0 , 0 )
8. s 7 ( 1 , 1 , 0 )
9. s 8 ( 1 , 0 , 1 )
1 0. s 9 ( 1 , 1 , 1 )
1 1. s 1 0 ( 1 , 0 , 2 )
1 2. s 1 1 ( 1 , 1 , 2 )

a n d

I r =

0 Ω i

P i
≤ T a

1 T a < Ω i

P i
< T z

2 Ω i

P i
≥ T z

( 7)

w h er e Ω T i s t h e l e v el of r e q uir e d SI N R f or r eli a bl e c o m m u-
ni c ati o n, Ω m r e pr es e nts t h e i nst a nt a n e o us SI N R of t h e  m a cr o-
c ell,  w h er e as, Ω i d e n ot es t h e i nst a nt a n e o us SI N R of t h e s m all-
c ell. F urt h er m or e, T a a n d T z ar e t h e t hr es h ol ds f or e n er g y
ef fi ci e n c y r ati o.  M or e s p e ci fi c all y, if e n er g y ef fi ci e n c y is b el o w
T a , t h e n t h e s m all- c ell is i n e x p eri e n ci n g l o w ef fi ci e n c y.  O n
t h e ot h er h a n d, if t h e e n er g y ef fi ci e n c y is a b o v e T z , t h e n it
is i n t h e d esir a bl e r e gi o n of hi g h ef fi ci e n c y.  T h e s m all- c ell
n ot o nl y c o nsi d ers t h e SI N R of its elf b ut als o t h e  m a cr o- c ell’s
SI N R.  T his r es ults i n s m all- c ell t o a c hi e v e a hi g h ef fi ci e n c y
wit h o ut c o m pr o misi n g t h e q u alit y of s er vi c e r e q uir e m e nts of
t h e  m a cr o- c ell.  O n t h e ot h er h a n d, t h e  m a cr o- c ell o nl y c ar es
a b o ut its elf a n d tri es t o a c hi e v e a hi g h ef fi ci e n c y.  D u e t o t his
r e as o n, t h e st at es of  m a cr o- c ell is a t u pl e of t w o i n di c at ors
s M A = { I Ω m

, IΩ i
} .  T h us, f or t h e c o nsi d er e d s et u p, t h er e ar e

1 2 p ossi bl e st at es f or b ot h  m a cr o- c ell a n d s m all- c ell  m e m b ers
as gi v e n i n  Ta bl e I.

B.  A cti o n

T h e a cti o ns of t h e a g e nts ar e pr e d e fi n e d tr a ns missi o n p o w er
l e v els. S p e ci fi c all y, t h e p o w er l e v els ar e i n cr e as e d fr o m a
s p e ci fi c l e v el  wit h a c o nst a nt st e p si z e.

C.  R e w ar d

A g ai n, t h e r e w ar d f or b ot h  m a cr o- c ell a n d s m all- c ell  m e m-
b ers diff er si n c e  m a cr o- c ell  m e m b ers  m ust b e k e pt a b o v e a
c ert ai n q u alit y of s er vi c e a n d c a p a cit y li mit.  H o w e v er,  w e als o
i nt e n d t o  m a xi mi z e t h e c a p a cit y of t h e s m all- c ell  m e m b ers.
We d e fi n e t h e r e w ar d f u n cti o ns of  m a cr o- a n d s m all- c ells
b as e d o n t h eir c orr es p o n di n g SI N Rs.  M or e s p e ci fi c all y, t h e
r e w ar d f u n cti o ns of  m a cr o- c ell a n d s m all- c ell  m e m b ers c a n,
r es p e cti v el y, b e gi v e n as

r m
i =

1 0 0  Ω m ≥ Ω T

− 1 ot h er wis e
( 8)

a n d

r f
i =

1 0 0 Ω m

Ω T
≥ 1 , Ω i

Ω T
≥ 1

− 1 Ω m

Ω T
≥ 1 , Ω i

Ω T
< 1

− 1 Ω m

Ω T
< 1 , Ω i

Ω T
< 1

( 9)

T h e  m a cr o- c ell is r e w ar d e d a l ar g e v al u e if t h e SI N R is
hi g h er t h a n t h e t hr es h ol d,  w hil e it r e c ei v es a s m all p u nis h m e nt
if it is b el o w. Si mil arl y, t h e s m all- c ell  m e m b ers r e c ei v e t h e
r e w ar d a n d p u nis h m e nt f or t h eir c orr es p o n di n g SI N R v al u es.
I n t his r e g ar d, it is  w ort h hi g hli g hti n g t h at a n e g ati v e r e w ar d
m a y r es ult i n l o w  Q- v al u e.  B y it er ati v el y u p d ati n g t h e  Q-
v al u es, t h e g a p b et w e e n t h e r e w ar ds of  m a cr o- c ell a n d s m all-
c ell  m e m b ers c a n b e  miti g at e d.  Ulti m at el y, t h e a g e nt s el e cts
t h e a cti o n  wit h t h e hi g h est  Q- v al u e f or e v er y st at e.

Fi g. 3 ill ustr at es t h e  w or ki n g of t h e pr o p os e d  Q-l e ar ni n g
t e c h ni q u e.  L et us c o nsi d er t h e s m all- c ell a g e nt is at a r a n d o m
st at e s 0 ( 0 , 0 , 0) a n d s el e cts a r a n d o m a cti o n f or tr a ns missi o n
p o w er l e v el 1 0 d B.  T h e s m all- c ell a g e nt c a n n o w esti m at e
t h e SI N R si n c e t h e ot h er a g e nts als o c h o os e t h eir a cti o ns r a n-
d o ml y.  T his i nf or m ati o n c a n b e s h ar e d a m o n g a g e nts t hr o u g h
t h e  B Ss.  N o w, t h e i nst a nt a n e o us SI N R c a n b e e asil y esti m at e d.
L et us c o nsi d er t h at b as e d o n t h e pr e d e fi n e d v al u es, t h e a g e nt
n o w  m o v es t o t h e st at e s 1 1 ( 1 , 1 , 2) a n d r e c ei v es a r e w ar d.
A g ai n, t h e a g e nt s el e cts a r a n d o m a cti o n a n d s u p p os e dl y
m o v es t o t h e n e xt st at e s 7 ( 1 , 1 , 0) .  H er e, t h e a g e nt a g ai n s el e cts
a n a cti o n a n d l e ar ns t h at t h e c al c ul at e d SI N R h as b e e n r e d u c e d
a n d t h at t h e SI N R of t h e  m a cr o- c ell is als o b el o w t h e t hr es h ol d.
T h es e s orts of d y n a mi cs ar e  m o d el e d b y o ur pr o p os e d  Q-
l e ar ni n g t e c h ni q u e f or i nt erf er e n c e  m a n a g e m e nt i n S D N- b as e d
b a c ks c att er h et er o g e n e o us n et w or ks.

[ 0, 0, 0] 

[ 1, 1, 2] 

[ 1, 1, 0] 

[ 1, 1, 2] 

1 0 d B 

1 4 d B  

1 2 d B  

A cti o n 

A cti o n 

A cti o n 

St at e 

St at e 

St at e 

Fi g. 3.  W or ki n g e x a m pl e of t h e  M ar k o v  D e cisi o n Pr o c ess.

I  V. P E R F O R M A N C E E V A L U A T I O N

I n t his s e cti o n,  w e pr o vi d e t h e si m ul ati o n r es ults a n d t h eir
r el a v e nt dis u cssi o n.  T o v ali d at e t h e p erf or m a n c e of t h e pr o-
p os e d  Q-l e ar ni n g o pti mi z ati o n fr a m e w or k,  w e p erf or m  M o nt e-
C arl o si m ul ati o ns. I n t h at, t h e c h a n n el g ai ns b et w e e n  B S
a n d t h e b a c ks c att er t a g/l e g a c y us er d e p e n ds o n t h eir dist a n c e
d − χ ,  w h er e, χ = 4 is t h e p at hl oss e x p o n e nt.  U nl ess st at e d
ot h er wis e, t h e si m ul ati o n p ar a m et ers a n d t h eir c orr es p o n di n g
v al u es ar e gi v e n as f oll o ws: l e ar ni n g r at e = 0. 5, N 0 = 0 .1 ,
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Fig. 4. Illustration of SINR for small-cells and macro-cell, where, (a) Tz = 3, (b) Tz = 4, (c) Tz = 5, (d) Tz = 6, (e) Tz = 7, (f) Tz = 8, (g) Tz = 9,
(h) Tz = 10.

η = 0.9, ρI = 0.8, discount factor=0.9, transmit power range
= 2 - 16 dB, Tz=10, Ta = 2, ΩT = 5.

Fig 4 the values of SINR for the increasing number of
iterations. In general, it can be noted that the model converges
around 1100 iterations for small-cells and macro-cell. Due to
the high priority of the macro-cell (legacy) users, it can be
seen that the SINR value of macro-cell users is higher than
the backscatter (small-cell) users. Moreover, the SINR value of
small-cell backscatter users generally fluctuates. As the value
of Tz increases, given Fig 4 (a) to Fig 4 (h), the value of
SINR of macro-cell users gradually improves. Specifically, the
gap between small-cell and macro-cell SINR increases and
becomes stable. Finally, when Tz = 10, the gap between the
SINRs of macro-cell and small-cell users is generally greater.

1 2 3 4 5 6 7 8 9
0.5

1

1.5

2

Fig. 5. SINR against learning rate.

Fig 5 shows the impact of different learning rates on the
performance of the proposed Q-learning based optimization
framework. The learning rate has an impact on the perfor-
mance of the Q-learning agent since it decides the tradeoff
between exploration and exploitation of the agent. It can be
seen from the figure that for macro-cell and small-cell 2, the
increase in learning rate first improves that SINR and then

results in decreasing the value of the SINR. However, the same
is not true for small-cell 1. For the case of small-cell 1, the
increase in learning rate from 0.1 to 0.9 first reduces the SINR
and then increases the SINR as the learning rate approaches
0.9. Moreover, the peak and lowest value of SINR differ for
both macro-cell, small-cell 1 and small-cell 2. This shows
that based on the priority of macro-cell and small-cell users,
the learning rate could be different to improve the learning
capabilities of the agent.
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Fig. 6. Illustration of SINR for increasing values of threshold.

Fig 6 shows the change in values of SINR for increasing
threshold values (ΩT ). It can be seen that the value of SINR
for both macro-cell and small-cell users generally decreases
with an increase in the threshold value. However, due to the
reduced information gap among the small-cell users, the value
of small-cell 2 increases, whereas, the SINR value of small-
cell 1 decreases. Moreover, it can also be observed that the
gap between SINR of small-cell 1 and small-cell 2 increases
with an increase in the value of the threshold. Thus, one can
deduce that the improvement in SINR of small-cell 2 users
comes at the cost of small-cell 1 users.

In Fig 7, we illustrate the impact of Ta on the SINR of both
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Fig. 7. SINR versus different values of Ta.

macro-cell and small-cell users. In general, it can be seen that
an increase in the value of Ta improves the SINR of both
the macro-cell and small-cell users. However, as the value of
Ta increases further, the SINR values approaches a ceiling.
This shows that despite a large increase in the value of Ta no
significant increase in the value of SINRs of macro-cell and
small-cell users is observed.

V. CONCLUSION AND FUTURE WORK

SDN-based backscatter heterogeneous networks are going
to play a critical role in enabling low-powered massive IoT
applications. However, some challenges need to be addressed
before the practical realization of such networks. In this
regard, this work has provided a Q-learning based optimization
framework for mitigating the impact of interference in SDN-
based backscatter heterogeneous networks. To do so, we have
proposed a novel reward function for both macro-cell (legacy)
and small-cell (backscatter) users. The proposed Q-learning
model is formulated in a way where macro-cell users are given
priority over small-cell users. The simulation results indicate
that the Q-learning framework increases the performance of
the macro-cell users while maintaining a recommended level
of SINR for the backscatter users in the small-cell.

Although the result provided here show considerable
promise, they can be extended in many ways. For instance,
future studies can consider multi-antenna backscatter tags to
improve the overall throughput of the system. Our proposed
framework can be used to improve the performance of the
SDN-based backscatter heterogeneous network through an
efficient beamforming mechanism. Furthermore, an effective
scheduling mechanism can further reduce the impact of in-
terference in SDN-based backscatter heterogeneous networks.
Our proposed framework can be combined with the scheduling
technique which may improve the performance manifolds.
These challenging yet interesting works are left for future
studies.
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