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Abstract: In the fifth generation communication system, millimeter wave (mmWave) networks will
coexist with traditional micro wave (uWave) networks, which allows for higher data transmission
rate and better user experience. In this paper, we give a comprehensive framework of mathematical
models and analytical methods for multi-tier mmWave and uWave hybrid caching networks based
on stochastic geometry. We propose an association strategy by assuming average biased-received
power association and Rayleigh fading. Accordingly, by using a D-ball approximating blockage
model of mmWave networks, expressions of the cell association probability and the coverage
probability of the hybrid networks are derived. Also, we use the average successful delivery
probability as the performance metric to analyze the existing caching placement strategies.
Simulation results validate the accuracy of our analytical conclusions.
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1. Introduction

Over the past several years, the global mobile data traffic grows rapidly with the proliferation
of smart phones, portable devices, etc., and is expected to increase to 30.6 exabytes per month by
2020 [1]. With the increasing demand for higher capacity and lower latency in wireless networks,
the fifth generation (5G) communication system has been proposed to improve the capacity of
current networks by a factor of 1000 [2]. However, limited micro wave (uWave) spectrum does not
seem to be able to meet this increasing demand in the near future. Therefore, the large available
millimeter wave (mmWave) spectrum, ranging from 30GHz to 300GHz, is becoming attractive for
5G cellular networks, and has been considered to be the key to an order of magnitude increase in
the capacity of current cellular networks [3-6].

There are several distinctive features of mmWave cellular networks different from pWave
cellular networks due to the particular channel characteristics and hardware constraints [7] at
mmWave frequencies: (I1)large number of antennas. Since the antenna sizes decrease as the
wavelength decreases, mmWave signals enable very high dimensional antenna arrays for further
gains via beamforming and spatial multiplexing [8]. Therefore, mmWave cellular networks can be
considered as noise-limited rather than interference-limited [9-11]. (2)complex propagation
environment. MmWave signals are more sensitive to blockage effects than microwave, as certain
materials like outer birck walls found on building exteriors cause severe penetration loss [12]. The
isolation effects of walls indicate that indoor users are unlikely to be covered by outdoor mmWave
base stations (BSs). Three different states of the mmWave path loss and blockage models, namely
line-of-sight (LOS), non-line-of sight (NLOS) and outage states, have been studied in recent
literatures [10,11]. For analytical tractability, literature [13] proposed equivalent LOS ball model. In
[8], a probabilistic LOS ball model was considered and it is generalized to a two-ball model based
on the path loss intensity matching algorithm in [11]. Recently, a more general D-ball
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approximation model was used to analyze SINR coverage probability for K -tier heterogeneous

mmWave cellular networks in [14].

Hence, to alleviate the spectrum crunch and meet the increasing data rate demands, mmWave
networks will coexist with traditional pWave networks in future 5G networks. In several recent
studies such as [8], [14] and [15], hybrid network scenarios have been considered, and mmWave
small cells are opportunistically used, which means that the user equipments (UEs) are offloaded to
the uWave networks when it is not possible to establish a mmWave connection. In [16], the authors
considered an mmWave network overlaid uWave network, and the work in [15] provided uplink
and downlink coverage analysis of hybrid networks.

On the other hand, studies in recent years show that a large portion of mobile data traffic is
generated by repeated request of numerous popular contents [17] and the storage capacity of
memory devices grows rapidly at a relatively low cost. So content caching has attracted much
attention as a method of offloading mobile data traffic, improving the throughput and reducing the
latency in cellular networks, without requiring additional bandwidth [18,19].The role of caching
technology in 5G wireless network is demonstrated in [20,21], and key notions, challenges, and
research topics of wireless caching were provided in [22]. Performance analysis of wireless caching
networks was investigated in [23-26]. The work in [23,24] analyzed the outage probability of
cache-enabled networks with/without underlying macro cellular network respectively, in which the
BS locations are assumed to be distributed as homogeneous Poisson point processes (PPPs). The
performance of wireless caching helper networks consisting of caching helpers whose locations are
modeled as PPPs was analyzed in [25,26]. Yang et al. [27] derived the average ergodic rate and
outage probability for a reference user in cache-enabled heterogeneous networks with push-based
content access protocol. However, most of the previous works only considered caching scenario in
the uWave heterogeneous networks.

In this paper, we propose an analytical framework based on stochastic geometry for modeling
and analyzing the multi-tier mmWave/uWave hybrid caching networks, with two pre-fetching
strategies called random caching strategy (RCS) and popularity-base caching strategy (PCS). Our
main contributions can be summarized as follows:

e A general system model of the multi-tier mmWave/uWave hybrid caching networks is
established, where BSs in each tier are randomly located and have a particular carrier
frequency, transmit power, path loss exponent, spatial density, and bias towards admitting
UEs. Also, we propose the mmWave/puWave association rule and the caching strategies.

e Considering the D-ball blockage model of the mmWave networks, which is similar to the
piece-wise LOS probability function approach proposed in [28], we derive the cell association
probability of the multi-tier hybrid networks by assuming average biased-received power
association. Moreover, for simplicity and tractability, we consider the noise-limited scenarios
for the mmWave networks and the interference-limited scenarios for the pWave networks with
Rayleigh fading, and give the general analytical expressions.

e  We use the average successful delivery probability (ASDP) as the performance metric for the
hybrid caching networks, and evaluate the performance of two aforementioned pre-fetching
strategies. Simulation results demonstrate the accuracy of our analysis.

This paper is organized as follows: In Section 2, we describe the system model of the multi-tier
mmWave/uWave hybrid caching networks, including mmWave network model, puWave network
model, association strategy and caching model. Also we derive the general expressions of tier
association probability of the multi-tier hybrid networks. In Section 3, we consider the ASDP as the
performance metric to analyze the different caching strategies and provide the final results. In
Section 4, we compare analytical results with the Monte Carlo simulation results. Finally, Section 5
provides our conclusions. Several proofs are relegated to the Appendix.

2. System Model
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In this section, we consider a multi-tier heterogeneous downlink mmWave/uWave hybrid
caching network comprised of a K, -tier mmWave network and a K, -tier yWave network. The
k" tier mmWave network is distributed as a homogeneous PPP @} of density A"
(k=12,..,K,), and the k" ter uWave network is distributed as a homogeneous PPP @4 of
density A4/ (k=12,.,K,). Also, the UEs in the network are spatially distributed as an
independent homogeneous PPP @, of density A4, , and are assumed to be equipped with two sets

of antennas to receive mmWave and pWave signals respectively. A typical UE is assumed to be
located at the origin according to Slivnyak’s theorem [29] without loss of generality. In a
cache-enabled hybrid network, the performance of caching depends on the density of BSs, cache
size, content request probability, caching strategy, propagation environment, etc.

2.1. MmWave Network Model

2.1.1. Beamforming Model

The antenna gains of mmWave BSs and UEs are modeled according to the sectorized antenna
model [30], given by
G, if 06,
Gioy |G T 10<0,
G, i 16>,

where 6, denotes the beam-width or main lobe width, G,, and G, are the array gains of main

, @

and side lobes, respectively. Therefore, the effective antenna gain between the typical user and
mmWave BSs can be described by

P 2
GGy Dy = [z_oj
T
G: GMGm pMmZZ&zﬂ-_e0 ’ (2)
2r 2@
2
Gme pmm = (Mj
2

where p, with i,je{M,m} is the probability of the antenna gain GG, seen by the typical UE.

In this paper, for simplicity and tractability of analysis, we assume that the BS and UE antennas are
perfectly aligned and the beamforming gain is always G =G,,G,, .

2.1.2. Blockage Model

MmWave signals are more sensitive to blockages, and the link between a typical UE and its
associated mmWave BS can be in LOS, NLOS or outage state [10]. Define p(r) as the probability

that the arbitrary link of length 7 is in LOS state, and it can be approximated by step functions,
which provide tractable and accurate results according to [28,31]. In this paper, we adopt the D-ball
approximation model proposed in [14]. As shown in Figure 1, in a K, -tier mmWave network, for

the k" tier (k=0,1,..,K,), a link is in LOS state with probability p(r)= 3, inside the first ball
with radius R,;, while NLOS state occurs with probability 1- /4,,. Similarly, the LOS probability is
p(r)= B, when the link length r isbetween R, , and R, for d=2,.,D,and when r>R,,,

all links are assumed to be in outage state.
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p(r)=f,

p(r) =0(outage)

Figure 1. The D-ball model for the mmWave network.

So, the path loss function of the k" tier can be expressed as follows:

BoLir™ + (1= B )L r™  ifre[0,R,)

,BkngrakLz +( _ﬂkz)Lévra& ifre [Rkl’RkZ)

L(r)=1.. , 3)
ﬂkDLérab) +(1=5 )onvra,f;) ifre [Rk(D—l)’RkD)

outage ifr>R,,

where «a;, and a;, denote the LOS and NLOS path loss exponents for the d” ball in the k"
tier, respectively, L, and L) are the path loss of LOS and NLOS links at a unit distance (typically

about (47/4, )2 , where /1, denotes the mmWave wavelength), and R,, is the radius of the d”

ball of the k" tier.

For characterizing the downlink signal-to-interference-plus-noise ratio (SINR) distribution, the
point process formed by the path loss between the typical UE at origin and BSs in the " tier is
defined as: N, ={L,(r)|re®,} [8]. By using the void probability theorem of PPPs [32], the

complementary cumulative distribution function (CCDF) of L, (r) is given in [14]:

P(L,(r)>x)=exp(-A, ([0.x))) )

and

D
A ([0,x)) = ﬂﬂ,,:”Z{ﬁkd [(R,fd R <1 (> ZiREH)
d=1
. ((x 1 )z/afd _ le(d_l)jx I(Lf)R,f(*L;_l) <x < IER%M )}
+(1-B, )[(R,fd R )} (x> REE )

2/al; N N
+((x DA —R,f(d_l)jx 1(L§ Rt <x<LyR )}}
where 1(+) is the indicator functionand R,,=0.
So the probability density function (PDF) of L,(r) can be derived as follows:

B dIF’(Lk(r) > x)
dx

JAGE = A ([0.x))exp(-A, ([0.x))), (6)

where
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2.1.3. Channel Model

Consider that all the mmWave BSs operate in the fully loaded state and share the common
bandwidth, the downlink SINR of the typical UE at a random distance r from its associated BS in
the k" (k=1, 2,...,K, ) mmWave tier can be described as:

B'Ghy L (r)
K, m m -1 2
Z,-:Z[eq)y\opj G hyLy () + 0,

where P is the transmission power of the k" tier of mmWave BSs, h" is the small scale fading

SINR!' =

®)

gain, Gi,k
G is the effective antenna gain and the interference contains intracell and intercell interference
from the BSs operating in the same mmWave frequency. However, considering that the impact of
the interference is much reduced due to the directionality of the mmWave transmissions and at the

same time the impact of noise is increased due to the high bandwidth of the mmWave band, we

is the variance of the additive white Gaussian noise component of mmWave networks,

assume that the mmWave network is noise-limited in the following analysis.

2.2. uWave Network Model

Consider that all the pWave BSs operate in the fully loaded state and share the common
bandwidth, the download SINR of the typical UE at a random distance r from its associated BS in
the k" (k= 1,2,..,K,) nWave tier can be described as:

A G
B hir
SN L PRAR +o?
j=1 ied\o " AT 1.k

where P is the transmission power of the k" tier of uWave BSs, h* is the small scale fading

SINRY = )

gain with unit mean from the associated BS, ¢, is the path loss exponent of the K" uWave tier
and R, 1is the distance from the interfering puWave BSs. In this paper, we consider the

interference-limited scenario for tractability, where the noise power is small enough compared with
the interference power and can be neglected. Also, we assume Rayleigh fading where #* is
exponentially distributed, i.e. /" ~ exp(1), and equal path loss exponents, i.e. {o,}=0 .

2.3. Association Strategy

In the hybrid networks, a key issue we should focus on is which network a typical UE is
connected to. Since mmWave networks can offer an order of magnitude increase in capacity over
current pWave 4G cellular networks [33] and offload the mobile data traffic from the micro cells, in
this paper we consider an opportunistic association strategy which means the typical UE prefers to
connect to the mmWave network, and it is offloaded to the uWave network only if it's not possible
to establish a mmWave connection [14]. Due to the large bandwidth disparity between the
mmWave and pWave networks, it is arguably reasonable. Simulation results in Section 4 validate
the accuracy of the association strategy.

Theorem 1. The probability A, that a typical UE is connected to the uWave network in a multi-tier hybrid

network consisting of mmWave and pWave BSs, can be given by
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A, = lK_[ exp (—/Ii'"ﬂRj) ) . (10)
i=l1

Proof. Based on the opportunistic association strategy proposed above, a typical UE is connected to
the uWave network only when it is in the outage state of all mmWave BSs in different tiers, which
means the distance r between the typical UE and the nearest mmWave BS in the i” tier is farther
than R, . With the fact that the distribution of mmWave BSs in different tiers is independent, we

can get the probability A, that a typical UE is connected to the pWave network as follows:

~

s

A, =[]P(r>R, fori" tier mmWave BSs)

/4

P(No mmWave BSs in i” tier closer than Rm) , (11)

s
B

exp(-A" 7R}, )

where (a) is derived by using the null probability of a 2-D Poisson process with density 4" inan
area 7R3 .0]

In the rest of this section, we adopt a flexible cell-tier association scheme according to [34] for
the multi-tier mmWave and pWave networks, and the typical UE is associated with the BS offering

the strongest long-term averaged biased-received-power (BRP). The BRP for the k" tier mmWave
network is: PB"G.B/'L,(r)", where B]' denotes the biasing factor of the k" tier mmWave

network. Similarly, the BRP for the k" tier yWave network is: B*B/L{r™*, where B/ denotes

the biasing factor of the k" tier uWave network. Assuming UEs always prefer to connect to the
mmWave network, we can easily derive the following lemmas:

Lemma 1. The probability A, that a typical UE is connected to the k" tier mmWave network can be
given by:

m

o Ky P"G B”
Ay =, A5 ([0.4,))exp —;AJ Oawlk dl, . (12)

Proof. See Appendix A. [

Lemma 2. The probability A,, that a typical UE is connected to the k" tier uWave network can be given
by:

ﬂk/l (BC/’B;CH )2/&

Kﬂ ﬂ# (R‘uB;l )2/a

j=17%

Km
A, =[exp(-A"7R}) (13)
i=1

Proof. See Appendix B. [

2.4. Caching Model
Consider a file database consisting of all the possibly requested contents denoted by
F£{L,2,...,F}, and all the contents are assumed to have equal size and normalized to one for

analytical tractability [23]. These contents are ranked according to their popularity in descending
order, and the request probability of the f” popular content follows the Zipf distribution [35], i.e.:
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f—z
P
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where z characterizes the skewness of content popularity distribution.
We assume each BS in the k” tier of the mmWave and puWave network has a cache storage of

q = , i=12,.F, (14)

size S and S}, respectively. Define 7, and 7/, as the probability that content jeF is

cached at the k" tier of the mmWave and pWave network, respectively. In this paper, we analyze
the performance of two types of most common pre-fetching strategies: RCS and PCS. For the RCS,
each BS caches the content from F randomly regardless of their popularity, and thus 77, =S;" / F,

n.=S{/F . For the PCS, each mmWave and uWave BS proactively cache §;" and S/ most
popular contents, respectively. So, 77, =1 if the requested content ;<S5 and 7}, =0 otherwise.

Similarly, 7, =1 if j<S¢ and 7/, =0 otherwise.

3. Performance Metric
Assuming each BS caches contents independently of others, the locations of the BSs caching
content ;j in the k" tier of the mmWave and pWave network can be modeled as a thinned

homogeneous PPP @7, of density A7, and @Y, of density A/, , respectively, where

jk 7

Al =AY, and Af =AfnY, . Thus, according to (12) and (13), when content j is requested, the

probability  that a typical UE is connected to the k" tier mmWave and pWave network can be
derived as follows, respectively:

Al =[N ([0,0))exp ZA ﬂ If:gf;:lD dl,, (15)

A (RBY)”

= -A'n" 7R, , 16
k HEXP( ;.7 ) 211: ﬂf’ﬂ;ﬂi (R“Bi“ )Z/a (16)
where
Ay ([O,X)) 7] kZ{:Bkd |:(led - le(d—l))x l(x > LéR:jd )
+ ((x /L )2/% ~Ri ) ) X 1(L€R:(k2-1) <x< LR} )}
, (17)
#(1= )| (R = Ry ) <1 (> LY REF
+((x/LQ’ R, jxl(LNR‘W <x<I'R )}}
and
x/LL 2/al; -1
A ([0.2) =227, 3 ( akoi,)Lé | Bul(ZERs ) <x<IiRE )|
2/ a1 (18)
) .
NG aZNd)L§ [(1 BOVLRG ) <x< LR )J

Here, we derive the expression for the PDF fRM (x) of R,, denoted as the distance between
a typical UE requesting content ; and its associated BS in the k" (k=1,2,..,K,) tier pWave

caching network, which will be used in the following propositions:

Lemma 3. The PDF Jr,, (X) of R, is
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27l x & pp )
fR,,k<x)=£—jfexp{—nng”nﬁi(ﬁ X (19)
Hs =

Proof. See Appendix C. [

In this paper, we consider the average successful delivery probability (ASDP) of the requested
content as the performance metric for the hybrid caching networks. In particular, ASDP is defined
as the probability of successful response to the UE’s request, which occurs when the downlink SINR
is larger than the target SINR T' of the requested content. Thus, the ASDP can be expressed as:

P, = iqu[P(SINRj >T)], (20)

where E[}P’(SINR ;>T )J denotes the total SINR coverage probability of content j, or the

successful delivery probability (SDP) of content ;. In multi-tier hybrid caching networks, as

different tiers of the mmWave and pWave network follow independent PPPs, it is possible to
analyze the caching performance independently. So the SINR coverage probability for content j

can be computed using the law of total probability as follows:
K, K,
]E[IP’(SINRJ. > T)] =P (T)+P" (T)zZA,j,kE[IP’(SINRZ’)k > T)] +ZA/{W,(E[P(SINR;’),€ > T)] (1)
k=1 k=1

where P/"(T) denotes the probability that a typical UE requesting content ; is connected to the
mmWave network and SINR is larger than T and P“(T) denotes the probability that a typical

UE requesting content ; is connected to the uWave network and SINR is larger than 7.

According to the system model (8) and (9) mentioned above, we consider the mmWave
network is noise-limited and the uWave network is interference-limited. Assuming Rayleigh fading
channels with unit average power and all biasing factors are 1 for notation simplicity, we can get
the following propositions.

Proposition 1. P/"(T) can be given by:

P(T)2 %Aj,k]E[IP’(SINR;")k >T)]

=
. 22)
Ko oo T o PG,
= A’ ([0, - L o? A ]0,——] dl
kzl'[o j’k ([ k))exp{ [Pkak o +; " [{ G, kJJJJ '
Proof. See Appendix D. [
Proposition 2. P/ (T) can be given by:
K,
P(T)2Y AL B[P(SINRY, >T)]
k=1
X, K g (i) , (23)
= Hexp(—ﬂimﬂ;’f;ﬁ&é ) : K . 2/a Zk - nl’k ( - )
& A (B) {[H(T.@)-D(T,a)+1]n, +D(T,a)}
2
where H(T,a) a2l i (1,1—2;2—3;—Tj , and D(T,a) égT“B(z,l—gJ . ,F(¢) denotes the
a-2 o a a a a

Gauss hypergeometric function, and B(x, y):J.O1 £ (1—=t) " dr is the Beta function.

Proof. See Appendix E. [
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Combining (20), (21), (22) and (23), we can get the final result for the ASDP in the multi-tier
hybrid caching networks.

F LI Tl & PG,
P = ;q/’ [;J.o A ([O’Ik ))exp(—[},kmka o+ ;A/’k qo’ PG, b JJDdlk

+ ] eXP(_/Lm’];niﬂRiZ ) . 2/ Z'IZ /ijﬂfk (Pk“ )2/[1
i1 ’ YA (B [ H(T.a)-D(T.a)+1]n!, +D(T.a)}

4. Numerical Results

In this section, we evaluate the performance of the proposed system model for the multi-tier
hybrid caching networks. Simulation results are also provided to validate the accuracy of the
theoretical expressions, including the cell association probability, the SDP for content ; and the
ASDP for RCS and PCS.

The simulation is conducted in a square area with side length 3.5km. We consider the
multi-tier hybrid caching network is consisted of a 2-tier mmWave network and a 2-tier uWave
network. The density of UEs is 4,=5x10"*/m* . The BS densities are A" =1x10"/m’ ,

Al =5x10"/m*, A =1x10"°/m*, A =5x10"/m’. The transmit power of each BS is P"=40dBm,
P"=23dBm, B*“=40dBm, P/=23dBm. There are F =1000 normalized contents in the overall
network and the BS cache storages are S"=100, S,'=50, S/=100, S;'=50.The path loss exponent

of the uWave network is 4, while in the mmWave network the path loss exponent of the LOS state
is 2 and the path loss exponent of the NLOS state is 4. For each tier of the mmWave network, the
carrier frequency is 28 GHz and the bandwidth is 1 GHz. The mmWave beamforming gain is 225
and the noise power is o, =-174 dBm/Hz+10log,, (bandwidth)+10 dB . We adopt the 2-ball blockage
model for the mmWave network, where g,=4,=1, B,=$,=0, R, =60m, R, =150m, R, =40m,
R, =80m.

Figure 2 shows the cell association probability for a 2-tier mmWave and 2-tier uWave hybrid
network as a function of the biasing factor of tier-2 and tier-1. The analytical results according to
Lemma 1 and Lemma 2 are close to the simulation results. With the increasing biasing factor, the
association probability for tier-2 in both mmWave and uWave network increases.

0.6 T T T T T T T T T

Analysis:pWave tier-1
Analysis:pWave tier-2
Analysis:mmWave tier-1
Analysis:mmWave tier-2
Simulation:pyWave tier-1
Simulation:yWave tier-2
Simulation:mmWave tier-1
Simulation:mmWave tier-2

o
IS
o

+ B> %o

A

Cell Association Probability
=} =)
o P
T T
1

0 2 4 6 8 10 12 14 16 18 20
Biasing factor of tier-2 and tier-1 [dB]

Figure 2. Cell association probability as a function of the biasing factor of tier-2 and tier 1 in dB

(B" =B =1).
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In Figure 3, we compare the analytical results for P"(7) and P“(T) with the simulation

results in different SINR thresholds. It shows that our Proposition 1 and Proposition 2 approximate
the simulation scenarios well. Unsurprisingly, the probability decreases with the increase of the
SINR threshold. Considering the caching performance of the mmWave and pWave network
separately, we calculate the successful delivery probability when the typical UE is already

connected to the mmWave or pWave network for content j by P/(T)/ A}, P'(T)/(1-A]),

respectively. Figure 4 shows that with the increase of the SINR threshold the SDP decreases, but the
performance of the mmWave network is much better than the pWave network which validates the
accuracy of our association strategy. This is attributed to the employment of directional antennas.
The mmWave network can be considered noise-limited and the antenna gain is high.

045 T T T T T T T T T
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Figure 3. P (1), P (T) and the overall SDP in varying SINR threshold for content j
(B" =B/ =By =B =1).
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Figure 4. Successful delivery probability when the typical UE is already connected to the mmWave
or pWave network for content ;.

In Figure 5 and Figure 6, we compare the ASDP of PCS and RCS in varying SINR threshold
and Zipf parameter, respectively. For PCS, the actual system model has relationship with the cache
storage of each tier. In our simulation scenarios, for ;j=1..50, the hybrid caching network is
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consisted of a 2-tier mmWave network and a 2-tier uWave network; for ;j=51...100, the content
isn’t cached in tier-2 of the mmWave and pWave network; for ;>100, all BSs don’t cache the
content. Figure 5 shows that PCS performs much better than RCS with the Zipf parameter 0.8, and
Figure 6 shows that with the increase of the Zipf parameter, the performance of PCS becomes much
better than RCS. In Figure 6, when the Zipf parameter is small enough, the ASDP of PCS is smaller
than RCS. This is because that the request probabilities of the contents become closer with the
decrease of the Zipf parameter, and for PCS BSs cache the same contents which leads to the worse
performance than RCS.
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Figure 5. Average successful delivery probability of PCS and RCS for varying SINR threshold with
Zipf parameter 0.8.
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Figure 6. Average successful delivery probability of PCS and RCS for varying Zipf parameter with
SINR threshold 0 dB.

5. Conclusions

In this paper, we develop a general framework based on stochastic geometry to analyze the
performance of multi-tier mmWave and pWave hybrid caching networks. Considering directional
beamforming with sectored antenna model and D-ball approximation for blockage model of the
mmWave network, we propose the association strategy and derive the expressions for cell
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association probability of the mmWave and puWave network, respectively. Also we theoretically
analyze the ASDP as the caching performance metric. Finally, compared with Monte Carlo
simulation results, our analytical model for the hybrid network performs quite well. Numerical
results of ASDP for RCS and PCS show that PCS can achieve better performance in most situations.
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Appendix A

Proof of Lemma 1:

If a typical UE is connected to the k™ tier mmWave network, the averaged BRP for the k"
tier mmWave network is larger than others. Therefore,

A= E(P(Pk'"GkB,:”Lkl >max PG B} L] ))

(]K_[ P(P'G,B/'L' > P'GB]L )]

),[ f][ (,— Zg—?l}/ (4,)dl, ,(25)
ew| - X A, ([0 %l D (([0.1,))exp(~A, ([0.1,)))d,

J=Lj#k

= [" AL ([0.1;))exp ZA H Pkngli] dl,

where (a) follows the law of total probability and (b) is from the definition of CCDF and PDF of
the path loss given in (4) and (6). From the definition of the path loss PDF f, (x), we can see when

(a

x> L R,:‘E‘? , J1, (x)=0, which means the link between the typical UE and BS is in outage state.

Therefore, the expression derived above is the probability that a typical UE is connected to the k"
tier mmWave network.

Appendix B

Proof of Lemma 2:

Since UEs are offloaded to the uWave network only when the mmWave connection is not able
to be established, and the BRP of the k" tier pWave network is P/Li(r,) * B/, the probability

A

Lk that a typical UE is connected to the k" ter HWave network can be given by:

A=A, B[ PP L ) B > max PP 87|

K, K,
=[Texp(-4"7R;, )E[ [T e(B LGB > PrLs () B;’)}
i=1

J=Lj#k

Ve
K, PHBH . (26)
:Hexp(—giMﬂRi:;) H IP’[;’ > (P”B]“J J

i=1 J=lj#k

X, P”B” Va
:Hexp(—/lim”R;))J. H P| 7 >F(P”B”J , (rdr
i=1

J=lj#k

Using the fact that the null probability of a 2-D Poisson process with density A in an area A4 is

exp(-14), we can get:
})j“B;’ Ve . PyBjﬂ 2/a
Pl ry>r|—— =exp| —7A{'r ey , (27)
P!B} BB}

and the PDF of 7, can be given by
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d[1-P(r,
OIS (201

Combining the expressions derived above, we obtain

K, . K pege )
— m 2
A"”‘_u exp(-4 an.D)jO [T 2|, >F[P;”B,;’] - (rdr

J=lj#k

=27A}'rexp (—ﬂ/?,lf’ r? ) . (28)

ey 2/a
—Hexp( ﬂ-mﬂRi, I 27rﬂ.”rexp( —Al'r )exp - z Al Z(P Bj] dr

i=1 Jj=1,j#k P”B”
P”B” 2/ (29)
=1 ]ex /1"'7sz 270/ | exp| -y A4 | L1 dr
]l_l[ p(-A"7R}) [“exp Z (aﬂBf] }
ﬂ'” (E:‘B: )2/(1
- HeXp( ) 2/a
> Al (BB
Appendix C
Proof of Lemma 3:
The PDF f, (x) canbe derived according to (28):
d{1-P(r,, >x)
1, (x):—[ d; J (30)
where
IP’(Rj)k > x)=IP’(rj’k > X,n= k)
IP’(r,,k >x, BLy () By > max B Ly (r; )™ B/’)
Al
1 e K pege ) , (31)
=— Pl r,>x| L= x)dx
Ak ,Ek " F!'B; )

(a) 27[2‘ P”B” 2/a
kn’kj exp[ ﬁZﬂ" fl[PI”BI"j x* xdx
k Zk

where (a) is obtained by (28) and (29) with a thinning homogeneous PPP @’ of density 1.
Substituting (31) into (30), we obtain this lemma.

Appendix D

Proof of Proposition 1:

Assuming all biasing factors are 1, the coverage probability of the k" tier mmWave network
is given by
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K,
m m m m -1 m m -1
P (T)=Y. E[]P’(SINR >T)P (Pk G,BI'L' > max PG, B} L, )}

< B'G.h'L}
S B P| (rf)l —>T P(gmGkBkmL;l > max }’j’”GjB;”L;l)
Z/:ml Zis(l),'"\o B"G L (r)+0,, Sk

TL &
-t [a;,ﬁzz,BP(P,:"GkB;”Lﬁ>ma>;€“G,-37Lﬁ)J - 62
k Tk =1 e
@ oo T, , | & PmG
2 exp| - b Pl L >
J p( G, ]H g e )%

ol ot ot £ o220

where (a) follows the assumption that the mmWave network is noise-limited and under Rayleigh

fading, A" ~ exp(l) . So, by combining (24) and (32), the expression of P"(T) given in Proposition

1 is obtained.
Appendix E

Proof of Proposition 2:
E[P(SINRY, > T)|=["P(SINRY, (r) > T) £, (r)dr

:r’lp(h: > 17" (o +221,)/Pk”)fh(r)dr

(a)

_J. B, (exp( ~Tr® (0' +211 )/P”))fR (r)dr

()

—j 1>z, (1 1 B )1, (r)dr

where (a) follows A ~exp(l), and (b) follows the assumption that the pWave network is

(33)

interference-limited. The interferences to the typical UE from the [” tier can be divided into two
groups: the interference /,; from the BSs caching content ; and the interference 7, from the BSs

not caching content ;. So the locations of interfering BSs can be modeled as two thinned PPPs of

density Ay, and (1—77;‘,,)/1,", respectively. The Laplace transform £, and £ _ can be derived
according to [19, eq. (37) and (38), Appendix C]:

2/
P
ﬁz,; (Tr“ /B(")—exp[—ml,"nﬂ (ﬁj rzH(T,a)J, (34)
k
P” 2/a
LI,; (Tr“ /Pk")=exp[—7zﬂ,“ (l—nﬁ,)(?J rzD(T,a)l, (35)
k
2
where H(T,a) a 2T ,F, (1,1—2;2—3;—TJ and D(T,a) ézT"B(z,l—zj . Combining (16),
a-2 a a a a a

(31), (33), (34) and (35), we can obtain Proposition 2.
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