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Abstract

5G New Radio (NR) and Mobile Edge Computing (MEC) have been recently proposed as
important technologies and architectures for the next-generation wireless cellular system,
which allows efficiently supporting emerging services and applications. Indeed, 5G NR pro-
vides a flexible frame structure with scalable Transmission Time Interval (TTI) in different
so-called numerologies, which enable us to meet diverse quality of service (QoS) requirements
of different wireless services and compute-intensive applications. However, many challenges
must be resolved to efficiently utilize different types of system resources and better support
heterogeneous wireless services. The overall objective of this Ph.D. research is to develop
efficient resource management techniques for next-generation systems exploiting 5G NR and
MEC technologies. Our research has resulted in three major research contributions, which
are presented in three corresponding main chapters of this dissertation.

First, we study fair computation offloading and resource allocation for the MIMO based
MEC system, which is presented in Chapter In particular, we formulate the joint com-
putation offloading and resource allocation problem that minimizes the maximum weighted
consumed energy for mobile users considering the latency and resource limitation constraints.
Then, we propose different efficient algorithms to solve the underlying mixed-integer non-
linear programming (MINLP) problems under perfect and imperfect channel state informa-
tion estimations.

Second, we investigate the joint data compression, computation offloading, and resource
allocation problem for hierarchical fog-cloud systems aiming to minimize the maximum
weighted energy and service delay cost of all users, which is covered in Chapter [6] To
this end, we propose a non-linear computation model which can be fitted to accurately cap-
ture the computational load incurred by data compression and decompression. Then, we
first consider the scenario where data compression is performed only at the mobile users. A
novel three-step approach using convexification techniques is developed to optimize the com-
pression ratios and the resource allocation. As the next step, we address the more general
design where data compression is performed at both the mobile users and the fog server. We
propose three algorithms to overcome the strong coupling between the offloading decision
and the resource allocation and find efficient solutions for the underlying problem..

Finally, we consider leveraging the 5G NR to support diverse applications with different
requirements. The research outcomes of this study are presented in Chapter [/} In partic-
ular, we study the scheduling problem for heterogeneous services with mixed numerology
which aims to maximize the number of admitted users while meeting service latency and
data transmission requirements. Then, two algorithms, namely Resource Partitioning-based



Algorithm (RPA) and Iterative Greedy Algorithm (IGA), are developed to acquire efficient
resource scheduling solutions.

For all the considered problems and proposed designs, extensive numerical results are
presented to gain further insights and to evaluate the performance of our algorithms. Our
numerical studies confirm that our algorithms can achieve efficient resource utilization, energy
saving, and significant performance gains compared to existing designs.

vi
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Chapter 1

Extended Summary

1.1 Background and Motivation

The research on the fifth-generation (5G) and beyond wireless cellular networks has been driven by
the need to support the mobile traffic explosion and the rapidly increasing number of wireless com-
munications, including both human-based and Internet-of-Things (IoT) connections. Specifically,
it is predicted that tens of billions of wireless devices, from low-cost IoT to smartphones, tablets,
virtual reality headsets, and cars will be connected to wireless networks over the next few years [2].
The communication demand on different kinds of mobile devices in vertical domains including the
smart factory, smart vehicles, smart grid, smart city is more and more sophisticated. Thus, future
wireless networks must provide different communication services with different QoS requirements.
In particular, International Telecommunication Union (ITU) classifies 5G mobile network services
into three categories: enhanced Mobile Broadband (eMBB), massive Machine Type Communica-
tions (mMTC), and ultra-Reliable and Low Latency Communications (uRLLC). In general, eMBB
refers to bandwidth-hungry services, such as high-definition video and virtual/augmented reality
(VR/AR) streamings. As such, mMTC is suitable in scenarios with dense connectivity, such as
smart cities and smart farming. This is in distinction to uRLLC, which is aimed at supporting
the time-sensitive networking and mission-critical services, such as automatic/assisted driving and
remote control. To provide these services, a new frame structure has been defined in 5G New Radio
(NR). By allowing the flexible numerology, the Transmission Time Interval (TTI) and frame-size

can be flexibly configured to fit with the service demands [3]. Some early papers [4H6] on the



scheduling and resource allocation with 5G NR frame structure show a promising way to enhance

the future system performance.

In general, mobile edge/cloud computing (MEC/MCC) technologies enable enhancing the mo-
bile usability and prolonging the mobile battery life by offloading computation-intensive applications
to a remote fog/cloud server [7HI]. In an MCC system, enormous computing resources are available
in the core network, but the limited backhaul capacity can induce significant delay for the under-
lying applications. In contrast, an MEC system, with computing resources being deployed at the
network edge in close proximity to the mobile devices, can enable computation offloading and meet
demanding application requirements [10]. Hierarchical fog-cloud computing systems which leverage
the advantages of both MCC and MEC can further enhance the system performance [ITHI5] where
fog servers deployed at the network edge can operate collaboratively with the more powerful cloud
servers to execute computation-intensive user applications. Specifically, when the users’ applica-
tions require high computing power or low latency, their computation tasks can be offloaded and
processed at the fog and/or remote cloud servers. The potential scenarios and applications of MEC

and its variants are still being discussed for 5G and beyond systems.

Due to the need for data exchange incurred in the offloading process, the wireless transmission
plays an integral role in the computational offloading system [16]. Therefore, to efficiently utilize
MEC power, one needs to develop efficient designs for joint management of both wireless and com-
puting resources. Moreover, advanced communications technologies such as massive multiple-input
multiple-output (MIMO), heterogeneous network (HetNet), and device-to-device (D2D), which al-
low enhancing the spectral efficiency will be employed in MEC and its variants. Accordingly, the
joint management of two different kinds of resources becomes very challenging. Specifically, different
from the general wireless networks, the energy and time delay in MEC and its variants are related
not only to wireless transmission but also to computation factors. They are complicated functions of
different parameters and factors such as bandwidth, transmit power, central processing unit (CPU)
clock speed, execution location. Effective management and optimization of these parameters in two
different kinds of resources is a very challenging problem[I7], and still requires significantly more

concerted effort from the wireless community [I8] [19].

Besides, an important aspect of 5G wireless network is the application’s view. Indeed, with

recent breakthroughs in artificial intelligence (AI), new emerging applications enabling new ways of
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interactions among things and humans have been created to enhance the quality of life. Many of
them are compute-intensive applications such as e-health, object recognition/detection/monitoring.
When only communications-related issues are concerned in network design and management, it is
impossible to enable these compute-intensive applications on many different kinds of devices, espe-
cially low-cost IoT devices. Therefore, 5G wireless networks must support not only communication,
but also computation, control, and content delivery (4C) functions. Mobile Edge Computing (MEC)
has been recently proposed as an important technology in 5G wireless networks to enable a variety
of new compute-intensive applications even on low-cost IoT devices. In general, MEC is a network
architecture concept defined by the european telecommunications standards institute (ETSI) [20],
that enables cloud computing capabilities and an information technology (IT) service environment
at the edge of the cellular network. Different design aspects of MEC, such as task partitioning and
resource allocation, have been investigated in both academic and industry communities to enable

them and support future system scenarios and applications [21], 22].

5G NR is an entirely new air interface being developed for 5G to support a wide variety of services
and devices. This part will briefly introduce a new concept in 5G NR, named numerology. Note that
numerology is a term which is used to define the grid of discrete resources in the continuous time-
frequency plane. A critical feature in 5G NR is the utilization of carrier frequency from sub-1 GHz
up to 52.6 GHz, as defined in the 3rd Generation Partnership Project (3GPP) Release 15. However,
the channel propagation properties of low and high frequency bands are very different. In particular,
the low frequency band is strongly affected by the delay spread intensive environments while the
high frequency band is strongly influenced by the phase noise [23]. Accordingly, a single numerology
applied for a wide range of frequencies becomes inefficient or even impossible. Comparing to LTE
numerology, 5G NR supports multiple types of subcarrier spacing based on a baseline subcarrier
spacing of 15 kHz [24]. In particular, 5G NR defines five distinct OFDM numerologies which is
parameterized as pu, p = 0,1,2,3,4. The numerology p has the subcarrier bandwidth of 2* x 15
kHz and the slot duration of 27# milliseconds. In numerology p = 0, the time-frequency grid
is the same with LTE, 5G NR can be coexistence with LTE and the LTE-based NB-IoT on the
same subcarrier. For the lower frequency bands with narrow subcarrier spacing, numerologies 0,
1, and 2 are used to counter the delay spread intensive environments. For the higher frequency
bands, using numerology 2, 3, and 4 with wide subcarrier spacing can make the system robust to

the phase noise, and can support low latency services efficiently [24]. The introduction of different



numerologies provides the flexibility for various services in the same system. It also introduces
new challenges when multiplexing different numerologies in the same time-frequency space. Due
to the different time-frequency grid, the wireless scheduling for heterogeneous services with mixed
numerology in the 5G wireless networks becomes an important problem to improve the system

performance.

1.2 Research Contributions

Computation and radio resource management for MEC systems and wireless scheduling for het-
erogeneous services considering 5G NR mixed numerology are research problems considered in the
dissertation. To this end, we consider three fundamental design aspects to allow the above coexis-
tence, namely resource allocation and offloading decision in MEC systems, joint data compression,
offloading decision, and resource allocation in hierarchial fog-cloud systems, and wireless scheduling
for heterogeneous services with mixed numerology in 5G wireless networks. Specifically, our main

contributions can be described as follows.

1.2.1 Computation Offloading in MIMO Based MEC Systems Under Perfect
and Imperfect CSI Estimation

In this contribution, we develop algorithms for optimizing the offloading and resource allocation in
MIMO based MEC systems considering perfect/imperfect-CSI estimation. Existing computation
offloading designs for the multi-task multi-user scenario have not considered the important MIMO
communication technology and its related issues such as the imperfect CSI estimation. Our current
paper aims to fill this gap in the literature by proposing general offloading and resource alloca-
tion algorithms which can provide fairness and consider the cutting-edge MIMO technology. In

particular, the main contributions of our work can be summarized as follows:

o We consider two important scenarios with perfect-CSI (P-CSI) and imperfect-CSI (IP-CSI)
estimation for the MIMO-based MEC system.

e We propose different efficient algorithms to solve the joint computation offloading and re-

source allocation problem that minimizes the maximum weighted consumed energy (Min-max
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W.C.E) for mobile users considering the latency and resource limitation constraints. In par-
ticular, we propose an optimal algorithm achieving the global optimal solution for P-CSI
scenario, and two iterative low-complexity algorithms to determine the sub-optimal solutions

for P-CSI and TP-CSI scenarios, respectively.

e We discuss the extension of the proposed design when the time to send back the computation
outcomes of offloaded users are considered. We also describe how to extend the proposed

algorithm to address this more general problem.

1.2.1.1 System Model

We consider an MEC system comprising one base station (BS), co-located with the edge server,
equipped with M antennas and K single-antenna user equipments (UEs). It is noted that the design
can be extended for UEs equipped with multiple antennas when the small scale fading is independent
between all antennas and all users. We assume that UE k has the set of £ independent computation
tasks, and each task l; € £ needs a number of CPU cycles ¢, and a number of data bits by,
(to transmit the programming states to the BS). The binary offloading decision for task I € Ly, is
captured by binary variable s, , where s;;, = 1 if task [ is executed at the mobile device, and
sk, = 0 if this task is offloaded to the edge server. Let f;, and f; (CPU cycles/seconds) denote the
CPU clock speed to execute the application of UE k locally in mobile device and remotely in edge

server, respectively. Then, for user k, we have the local computation energy f}f = qy f,? Y Sk.Chilk

k€LY
Joules), the local execution time tl° = —1 Sk1,.Ck1,. (seconds), and the remote execution time
k k sk bk
k€LY
¢ =(f5)' ¥ (1 — sk )cki, (seconds), where ay, denotes the energy coefficient specified in the
lkE[:k
CPU model.

Let h;, € CM*1 denote the uplink channel gain vector between UE k and the BS’s antennas where
elements of the uplink channel gain vector hy are modeled as hy,x = YmrvBr, m € {1,2,..., M},
where @, and [ represent the small-scale and large-scale fading coefficients, respectively. Let pi
denote the uplink transmit power of UE k£ and n denote the noise vector whose components are
i.i.d. CN(0,0ps) variables. Let the set of UEs that cannot execute all their tasks locally be denoted
as Ke={k € K| Xz, sk, <|Lk|} and ZF based detection is applied in this considered system, the

lower bound of the average transmission rate, the upper bound of the average transmission time



and the average transmission energy due to UE k for P-CSI scenario are respectively denoted as

rg = Wlogy(1 + pif), (1.1)
ub _
tZ,“p = () Z (L — Skt )0k 1y 5 (1.2)
€Ly
b b
& = (e +pro)tye (1.3)
where (3} = %, W is the transmission bandwidth, p; and py ¢ are the transmit and circuit

powers of user k, respectively. It is noted that the lower bound of the average transmission rate is

determined based on the convexity of function log,(1 + 1/2) and Jensen’s inequality.

For IP-CSI scenario, let T' denote the number of symbol periods corresponding to the channel
coherence interval and let 7 denote the number of symbols in the pilot. Let \/7p"¢, € C™*! be the
pilot sequence assigned for UE k where p* denotes the pilot power and ||¢;||> = 1. Assuming that
ZF based detection is applie ¢£{ ¢; =0,k # j and 7 > K¢, the lower bound of average rate f}cb
is given as [25]:

PP =W log, (Pt/\k + o +Pk) — Wlog, <Pt/\k + O'k:>7 (1.4)

(TP Br+0bs)obs Bi op = (TP" Be+0bs)Tbs
(TP¥" Bitops) TP B (M —K¢)’ TP B (M—Ke)

transmission time and energy (including both training and data transmission) can be written,

where A\, ; = Then, the upper bounds on the average

respectively, as

t,ub T t,ub

thip = T_ Ttk’lpl’ (1.5)
,ub T(ptr +pk,0) ,ub

& = (T_T + Dk +Dro ) ipr (1.6)

;ub alby—
where t;;,lfpl = (T}gb) 1Zlk€£k<1 - 3k,lk>bk,lk'

The problem which minimizes the maximum weighted energy consumption (min-max W.C.E) at

mobile users considering latency and limited computation-radio resource constraints can be stated

1Zero-forcing (ZF) decoder is one of three well-known methods in MIMO to mitigate the user interference, besides
the maximum ratio transmission/maximum ratio combining (MRT/MRC) and the minimum mean-squared error
(MMSE) [25]. It is studied heavily for IEEE 802.11n (MIMO). ZF will be useful when ISI is significant compared to
noise. In case of imperfect CSI, the structure of the tranmission rates achieved by using ZF and MRC are similar.
Therefore, our work can be applied for MRC. Besides, the performance of ZF and MMSE are quite similar when the
number of antennas is large enough in [25]. Therefore, understanding ZF thoroughly is really useful and can give
more insight information to system performance analysis.
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as follows:

P min
(P2) g puin

.t w(§2 + &) <&, Yk,
e <, VE,
t + 1 < nw, Vk,
sk, € {0,1}, Vk,
See S F fE20
0< fi < F™, Vk,,

0 <pk <pmax7 Vkv

where £ be the min-max W.C.E, wy denotes the energy weight of UE k, S =

{Sk,Vk},Sk =

{skan, Yk}, {fs £ p} = {fx, f5. Pk, Yk}, ni is the maximum allowable delay of UE k, Fj"®* denotes

the maximum computation capacity of UE k, and p}'®

represents the maximum transmit power

of UE k, F€ is the available computing budget at edge server, t}, and &}, can be expressed for the

P-CSI and IP-CSI scenarios as
t,ub t,ub
. tk,qu P-CSI . §k; , P-CSI

ti\p, IP-CSI &P, IP-CSI

Proposition 1.1. Problem (P3) can be recast as

(P2) min £

5,Fp.€

s. t. Z Skl Ch, Lk < nkaax’ Vk € ’C,

k€LY

@79, (T7d) — ([77), ([T77),

where

3
&° = oy, (Z Sklkcklk) , Vkek,

k€L

(1.8a)



Algorithm 1.1. Optimal Algorithm - P-CSI (P-O)

1: Initialize: choose €, &min = 0 and Emax = min(max(wpg2 sk, = 1,5, ez, e < MRET™),£).

2: while &0 — Enin < € do

3: Assign € = (§max + &min) /2.

4:  Determine set K¢ as in .

5. Solve (P3); to get fre" for all k € K.

6:  Assign feasibility = true if all subproblems (P3); are feasible and Zkelcg f;;'g n < pe,
7. Assign (&max, Emin) = bisectionSearch( feasibility, &)

8: end while

1.2.1.2 Algorithm Design for P-CSI Scenario

To solve the difficult MINLP (P2), we propose two algorithms where the first one (P-O) can find

the global optimal solution while the second one (P-SO) achieves a solution with lower complexity.
a) P-CSI - Optimal Algorithm (P-O) :

Proposition 1.2. For a given value of &, problem (Ps) is feasible if all subproblems (Ps)y,Vk are

feasible and f;’?in < F€ where f;’?in is the optimal value of (P3)i, K¢ is the the set of UEs
kEK:g ’ ’

who upload their computation tasks if the local execution consumes the total energy greater than &,

which is computed as follows:

1, ifwkg}f > &,V st sy, =1
|K:§‘:Z(5k, and 5k: * . (1.10)
k

0, otherwise

and (P3)’s are the subproblems that can be solved independently by individual UEs (k € K¢) for
given values of & and |K¢|, which are given as

(Ps)r ~ min  [ff]"

Sko S Pk

st @C)w, @7k, @7k, (TR, (T8,

where [f§]T = max(f§,0), constraints (L.70)k, (1.7d)g, (1.7€)x, (L.7R)x, and (1.8d)y denote the
corresponding constraints (L.70), (1.7d), (1.7€)), (1.7h)), and (1.8d) for UE k, respectively.

Using the results in Proposition we propose an optimal algorithm to solve problem (Ps)
as described in Algorithm Besides, for given sy, (P3)x is equivalently transformed to the
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standard convex problem as shown in Section Then, considering all different combinations of

sk, (Ix € Ly), where s, satisfies 41.8a[)k and (11.76[)k, we can determine f;;’gni" as well as the solution

Of (Pg)k

b) P-CSI - Low-complexity Algorithm (P-SO)

We propose a low-complexity algorithm which iteratively solves two subproblems decomposed
from problem (Ps) where the first one, i.e., the offloading optimization (OP) subproblem, determines
offloading decision and computing resource allocation while the second one, i.e., the power allocation
(PA) subproblem, performs uplink power allocation and reassigns the computing resource. First,

for a given value of p, the (OP) subproblem is given as follows:

(P97 min € st (L7, (1.7d) — (L71), (1.84).

Second, with the offloading solution S obtained by solving (P9F), the (PA) is given as

(P5B) H}icnfﬁ st (1.7, (1.7d), (1.7/), (1.7R).
p7 b

The proposed algorithm (P-SO), which iteratively solves (PF) and (73; A) until convergence,
is described in Algorithm Besides, this approach is the key for solving problem (Ps) in the
IP-CSI scenario when the finding of optimal solution would be impossible. Note that ¢ (Q)|(735AP ) 1s
the optimal of subproblem (P;’%) at iteration g. We describe how to solve (OP) and (PA) iI; the

following.

In order to tackle (PSP), we will apply the decomposition technique as employed in Sec-

tion [1.2.1.2] to further decompose this subproblem into individual users’ small-scale subproblems:

(PEP)e min  [£f] st (L78)k, (1.7d)k, (1.7, (1.8a)s.

Sk7fk

To determine minimum of fj for a given &, denoted as f;;g‘ i", we apply bisection search on £ as

in Algorithm except for some difference in step 4 and step 5 to find f,z’g‘in. Let S,Ei € R2“HIx|Ly|

denote the binary matrix whose rows represent all possible combinations of task offloading decisions
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Algorithm 1.2. Low-complexity Algorithm - P-CSI (P-SO)

1: Initialize: choose ¢, initial p,(go) = Pmax/2, Vk.

2: while £(Q)|(P§>P) - §(Q)|(p§A) <edo

3:  Assigng=q+1;

4: Solve P9P to get S, (f9)@ and E(q)|(p§>p).
5. Solve P;é to get pl@, (£9)@ and f(Q)|(P§AP).
) :

. end while

t

) 0 01 1
of UE k. For example, S = in case of |Ly| = 2. Then, it can be verified that the

01 01
minimum value of f§ for a given value of £ can be computed as
fo™ = min((LCO, © LC2; © L20;)\{0}),

LOOk = Lexa ,, —LO0, 205
wi Pk + Pro) (1 — SP)by

LCO% = wkakm;?(szick)3+

b |
. 1— Sbi b +
LC2 = |(1-SP)er @ (mxLyjey) — (7,|bk)k) )
k
L0, = L, 5 shiee00 (1.12)

where ® and @ denote the Hadamard product and division, respectively, 1,, represents the n x 1 vec-
tor of ones, 15> is the indicator function and ™ = max(z, 0). In above expressions, the elements
of LCO; and L20; will be equal to 1 if the corresponding row of Szi satisfies constraint r and
i, respectively. The vector of LC2j, describes the minimum value of f; corresponding to each
row of S,Ei. It is noted that LCO0}, LC2; and L20; do not depend on the value of &; thus, we just
need to compute them at the beginning of the bisection search (the ‘while-loop’ in Algorithm

and use them to update LC0; and f;’?in corresponding to the updated value of &.

With the solution of (P9P), we can then solve the (732P &) subproblem to obtain the optimal
solutions of transmit power p, and computing resource allocation f¢. This can be fulfilled by using
a similar process employed in section which applies the bisection search on ¢ and solving
subproblem (Ps3)}. It is noted that Algorithm creates a sequence of feasible solutions for (Ps)

where objective function value of this problem monotonically decreases over iterations.
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1.2.1.3 Algorithm Design for IP-CSI Scenario

We tackle problem (Ps) by iteratively solving two subproblems (P9P) and (772 fb) until convergence.
Because the IP-CSI only affects the transmission energy and transmission time, the (OP) subprob-
lem (P9P) can be solved as in Sectlon we only need to consider the (PA) subproblem (772 w),
which can be written as

(P§1p) min £
D, f

s. t. (L.7) : wk(fltclflpj + &Py <&,

1.7d) - t;“”‘;+fc <, (L7f), (1.7h).

It can be verified that (732 |P) is non-convex and NP-hard. To tackle it, we first apply data
compression to approximately convexify the non-convex constraints ((1.7b)) and (1.7d)) for a given

value of £ as follows

tr
TP~ + px, -
ot oo+ T2 i) < o, (1.13)

T ba a
<T—T> (plp(‘”) fk =0 (1.14)

where

Xi(p — p@)
log(2) (<p<q>>uk + ak)

2 (p|p'?) = W logy (pr + DAk + o) — W logy (PP A, + o) — , (1.15)

and p(9) is the point that 72 (p|p®) = #°(p). It is noted that 72 (p|p?) < #P(p) due to the fact
(p—

that v (p) < Tx(p) = ve(P) +Vur(p@) (p—p?) at point p'@, where vy (p) = W log, (pt)\k—i—ak).

From 1.' the feasibility verification of (772 |P) for a given value of £ is now equivalent to find

at least one point (f¢, p, p(9) that makes constraints (1.7f) and (1.7h)) and inequalities (1.13)),
l) feasible. Toward this end, we will iteratively update p(? to make the approximation in (1.15)
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Algorithm 1.3. PA Feasibility Verification - IP-CSI

1: Initialize: choose p(®) as the previous solution of (73; ﬁ;).

2: repeat

3 ¢g=q+1

4 At p=pl solve (PEA)@1) to get p9), f©
5. if x <0 then

6: Assign feasibility = true

7: Return p@, f¢; break;

8: else

9: Assign feasibility = false

10: Compute Fkb(p]p(q)) for all k

11:  end if

12: until convergence

tighter and find the minimum Y for a given p(?, where y is the objective of the following problem:

(PIH) @ min  x (1.16a)
D, f,x

7(p" + pryo)

I e - &P (plp'?) < x, (1.16b)
T b a
G _ < 1.1
<T - T) Bplp@) fe X (1.16c)

L7f). @7,

As shown above, the convexity of (73; ’,AP)(‘I) is guaranteed; therefore, we can effectively solve this
problem by using the CVX solver. Finally, the feasibility verification is presented in Algorithm
and the bisection search to solve (77; ?‘P) is similar to Algorithm except for the difference in step
5, where the feasibility verification is done as described in Algorithm It can be verified that for
a given &, using D.C to approximate the transmission rate (using the rate lower bound in )

and iteratively solving problem (77; 'f‘P)(Q) leads to convergence.

Proposition 1.3. If the optimal value of (P;’,A‘P)(Q) is equal to zero at the convergence of Algo-
rithm I then the solution of (P;ﬁp)(Q) combining with £ gives a stationary point of subproblem
(P;’,Ap), where () denotes the final iteration index at the convergence of Algorithm .

1.2.1.4 Consideration of Downlink Transmission

We extend the proposed design described in the previous sections to consider this downlink trans-

mission. Let bg' I denote the number of downlink bits related to the computation result of task I,
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which must be sent from the BS to UE k. Assuming that ZF precoder is employed, the lower-bound

ergodic downlink rate can be expressed as

Wlog, (1 —i—pﬂ'/agl) (P-CSI)
Pt = : (1.17)
w IOgQ 1 + W (IP-CSI)
i€kg

where p,‘i' denote the power that BS uses to transmit the offloading result data to UE k and 0’2'
represents the received noise power at UE k. Then, the constraint (1.7d)) on the total latency can

be expressed as

T (62 b L4
— | =+ <, VkeKs, 1.18
T+ (T}Cb Ad| Ib fk 3 ( )
where bZ’dI = Y (1- Skylk)bgllk' On the other hand, the average transmit power of BS can be
ILELY ’
computed as
S P p.csI
keKe (M—=|Kl¢)Br’

pes= Y PRE(|axl|?)

kEK:g pzl (Tptrﬁlc +0'bs) 1P- I
keZIQ OI-Rlgmprsp 1P-C8

The total transmit power at BS must be constrained by its maximum power pmax, which can be

expressed as

pes < pd .. (1.19)

We can now formulate the joint computation offloading and resource allocation problem considering

both uplink and downlink data transmissions as follows:

(P& miné st (L78), (L.76), (L77), @7A), [:84), (.18), (T.19).
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To tackle this difficult problem, we can again decompose it into two subproblems as in previous
sections. In particular, we iteratively solve the (OP) subproblem (with constraints , ,
(T.71), (1.84), (1.18))) to find the optimal s, f¢ and solve the extended (PA) subproblem (with
constraints (1.7b)), (1.7f), (1.7h), (1.18), (1.19)) to find p, p*'. Because the optimization variables

p,p? are only captured in the extended (PA) subproblem, we can solve the (OP) subproblem as
in section To solve the extended (PA) subproblem, we can apply the same techniques
as in section to deal with the downlink rate, because the two delay components, which
correspond to the uplink transmission time of the incurred data and download transmission time of

the computation outcome, respectively, have the same structure.

1.2.1.5 Numerical Results

We consider an MEC system with the channel bandwidth of 10 MHz and K = 20 UEs randomly
distributed in a cell coverage area with the radius of 900m. In our simulation setting, we set
Fa = 2.4 GHz, P = 0.22 (Watts), pro = 0.05, a, = 0.1x107%7, |Lx| = 5, and n = 7 for all k,
M =30, F° = 40 GHz, pdl,, = 10 (Watts), ops = 0| = bandwidth x3.6 x 1072}, T = 200 symbols.
All UEs have the same number of parallel tasks and the same total computation demand of 0.24
Geceycles, but the number of CPU cycles per task is set randomly. The total number of transmission
bits for all tasks is set to be the same for all UEs while the number of bits per task is generated
randomly. For performance evaluation of the proposed design, we choose the ratio between the total
number of transmission bits and the total required CPU cycles (BPC) to be about 4.2 x 103 (except
for the results in Fig. , which is close to its highest possible value for the applications considered
in [26]. The small scale channel fading coefficient is generated according to the Rayleigh distribution

and the path-loss is defined according to 3GPP technical report as [ (dB) = 128.1 + 37.6 log(dk)
where dj, is the geographical distance between UE k and the BS (in km) [27].

The benefit of joint optimization of radio and computing resource allocation in the computa-
tion offloading design is illustrated in Fig. for varying maximum allowable delay 7. In this
figure, considering no downlink data transmission and P-CSI scenario, we compare the achievable
performance in four scenarios: task processing at mobile devices (‘No-offload’), partial offloading
with optimal offloading decision and cloud-resource allocation with fixed transmit power for all UEs

Pk = Pmax/2 and pr = Pmax, and with optimal transmit power allocation (‘Optimal p’). The left
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Figure 1.1 — Performance comparison of with/without offloading and with/without optimization of
radio and computing resource.

and right subfigures show the achieved min-max W.C.E for different values of transmission bits per
CPU cycle (BPC). From this figure, we can see that the minimum required latency that the mobile
device can process its tasks locally (‘No-offload’ case) is 0.1s while the minimum required latency
in the remaining cases are 0.08s. This means that computation offloading allows mobile devices to
achieve lower latency. Moreover, the consumed energy in the partial offloading scheme is signifi-
cantly smaller than that in the ‘No-offload’ case. For instance, the min-max W.C.E at n = 0.1s
in the left subfigure is equal to 0.138, 0.036, 0.029, 0.014 for the ‘No-offload’, fixed transmit power
of ‘Pk = Pmax/2’s ‘Pk = Pmax and ‘Optimal py’, respectively. This means that partial offloading
enables saving about 5 times of energy with no optimization of the transmit power and save about
10 times of energy with optimal transmit power. Moreover, the difference in the consumed energy
among the offloading and no-offloading schemes becomes larger for smaller number of transmission

bits.

Fig. [I.2 presents the achieved performance of different design scenarios considered in this paper:
optimal solution with P-CSI - no downlink data (‘P-O, noDL’), solution with P-CSI - no downlink
data (‘P-SO, noDL’), and IP-CSI - no downlink data (‘IP-SO, noDL’). We also consider different
application scenarios with small, medium and large amount of downlink data in comparison with
amount of uplink data where the performance of our low-complexity algorithm for the IP-CSI
scenario is investigated. Specifically, we set the ratio between the amount of downlink data and

the amount of uplink data (I'qpu) (i.e., computed as >>, <. bg[lk/Zlkeﬁk bk, ) equal to 0.5, 1, and
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Figure 1.2 — Min-max W.C.E versus maximum allowable latency.
1.5 corresponding to low downlink data (‘I'gp, = 0.5%), medium downlink data (‘T'gpy = 1), and
large downlink data (‘I'qpy, = 1.57), respectively. It can be observed from this figure that the low-
complexity algorithm achieves close-to-optimal performance when the maximum delay constraint
is less stringent (‘blue’ and ‘black’ curves). For the IP-CSI scenario, mobile users will require more
energy for data transmission to compensate for the CSI estimation errors. When the amount of
downlink data becomes larger, more time is required to transfer the download data which means
that less time is available for uploading the uplink data and computation at the cloud server. In
some cases, increasing the transmit power to its maximum value may not lead to improved SINR,
and the low transmission rate may prevent successful uplink data transmission in the offloading
process. In all studied scenarios, even for the high value of I'y,,, the partial offloading scheme

enables us to save energy significantly.

1.2.2 Joint Data Compression and Computation Offloading in Hierarchical Fog-
Cloud Systems

To the best of our knowledge, the joint design of data compression, computation offloading, and re-
source allocation for hierarchical fog-cloud systems has not been considered in the existing literature.

The main contributions of our work can be summarized as follows:

e We propose a non-linear computation model which can be fitted to accurately capture the

computational load incurred by data compression and decompression.
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o For data compression at only the mobile users, we formulate the fair joint design of the
compression ratio, computation offloading, and resource allocation as a MINLP optimization
problem to minimize the maximum weighted energy and service delay cost (WEDC) of all
users. We propose an optimal algorithm, referred to as Joint Data Compression, Computa-
tion Offloading, and Resource Allocation (JCORA) algorithm, which solves this challenging

problem optimally.

e We then study a more general design where data compression is performed at both the mo-
bile users and the fog server (with different compression ratios). We propose three differ-
ent solution algorithms, namely adopted Piece-wise Linear Approximation (PLA) algorithm,
One-dimensional A-Search based Two-Stage (OSTS) algorithm, and Iterative A-Update based

Two-Stage (IUTS) algorithm, to solve this more general problem.

1.2.2.1 System Model

We consider a hierarchical fog-cloud system consisting of K single-antenna mobile users, one cloud
server, and one fog server co-located with a base station (BS) equipped with a large number of
antennas. In this system, the BS communicates with the users through wireless links while a
(wired) backhaul link is deployed between the BS co-located with the fog server and the cloud
server. For convenience, we denote the set of users as K. We assume that each user k needs to

execute an application requiring ¢, CPU cycles within an interval of 77"

seconds, where ¢ g CPU
cycles must be executed locally at the mobile device and the remaining offloadable ¢, ; CPU cycles
can be processed locally or offloaded and processed at the fog/cloud server for energy saving and
delay improvement. Let b}? be the number of bits representing the corresponding incurred data of
the possibly-offloaded c;,; CPU cycles. Once ¢ 1 CPU cycles are offloaded, user £ first compresses

the corresponding b}g bits down to bZUt’u bits before sending them to the remote fog server. The

M . . . t
compression ratio is denoted as wi = bi" /b7 .

a) Data Compression Model: We adopt a practical data-fitting approach to model the

compression computational load, decompression computational load, and compression quality as
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non-linear functions of the compression ratio as follows:

X, U .
X,u __ _u XU/ u\Y X,U u u,min  u,max
€ = Vk0 {’71@,1(“’0 ka2 + 7k73:|a for ka[wa s Wi , (1.20)
qu,u .
qu,u __ _qu,u qu,u /o u\Y, u u,min u,max
Y [%,1 (wi) “}, for wp€lwe 1wt s (1.21)
where ‘x> = ‘co’ and ‘de’ stands for compression and decompression, respectively, [wZ’T'n,w;’Tax]

represents the possible range of wj and depends on the compression algorithm employed at user k,
" and cze’” denote the additional CPU cycles at source and destination needed for compression
and decompression, respectively; qgu’u represents the perceived QoS (i.e., this parameter, which
is only considered for lossy compression, measures the deviation between the true data and the

decompressed data); v} ; is the maximum number of CPU cycles; vzoi/de/qu’u, 1 =1,2,3, are constant

d d
parameters where ’yzol/ e/ q”’”,yzozg/ e/auu),

b) Computing and Offloading Model: We now introduce the binary offloading decision
variables s}, s‘,;, and s{, for the computation task of user k, where s}, = 1, s}; =1, and s = 1 denote
the scenarios where the application is executed at the mobile device, the fog server, and the cloud
server, respectively; and these variables are zero otherwise. Moreover, we assume that the ¢, ; CPU
cycles can be executed at exactly one location, which implies s + sz + s7. = 1. Then, the total
computational load of user k at the mobile device, denoted as ¢}, and at the fog server, denoted as

cf, are given as, respectively, cf = cxo + stcp1 + (1 — si)ei>" and cf, = s, <ck,1 + cze’”>.

The local computation energy consumed by user k and the local computation time can be
expressed, respectively, as &}, = akf,;ﬁcz and ¢}, = ci/ [y, where f is the CPU clock speed of
user k and «y denotes the energy coefficient specified by the CPU model [28]. Let f,i denote the
CPU clock speed used at the fog server to process ¢ 1. Then, the computing time at the fog server
is given by t‘;k = c}cC / f,i We assume that the computation task of each user is executed at the cloud

server with a fixed delay of T seconds.

¢) Communication Model: We assume that channel estimation is perfect and ZF is applied at
the BS, then the average uplink rate from user & to the BS (fog server) is expressed as 1, = pi logy(1+
PyfBro), where Py is the uplink transmit power per Hz of user k, p; denotes the transmission
bandwidth, and B0 = MoB;/ops. Here, [, represents the large-scale fading coefficient, ops is

the noise power density (watts per Hz), and My is the multiple-input multiple-output (MIMO)
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beamforming gain [25]. It is assumed that the number of antennas is sufficiently large so that M)
is identical for all users. Then, the uplink transmission time and energy of user k can be computed,
respectively, as t5 , = (1-— s,‘é)bZUt’“/rk and &y = pr (P + Pk,O)thw where Py o denotes the circuit
power consumption per Hz. For the data transmission between the fog server and the cloud server,
a backhaul link with capacity D™ bps (bits per second) is assumed. Let dj, denote the backhaul
rate allocated to user k. Then, the transmission time from the fog server to the cloud server is

thy, = % P dy.
Then, the total delay for completing the computation task of user k is given by
Tk = tik + tS’k + ti»k + t;k + S;;Tc. (122)

Furthermore, the overall energy consumed at user k for processing its task is given by

§e =&k T &k (1.23)

Practically, all users want to save energy and enjoy low application execution latency. Hence,
we adopt the WEDC as the objective function of each user k as =, = wZTk + wgfk, where w,;r and
w,E represent the weights corresponding to the service latency and consumed energy, respectively.
These weights can be pre-determined by the users to reflect their priorities or interests. The proposed

design aims to minimize the WEDC function for each user while maintaining fairness among all
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Algorithm 1.4. Optimal Joint DC, Offloading, and Resource Allocation (JCORA)

1: Initialize: Compute 7l°,Vk € K as in (|1.25), choose €, assign ™" = 0, nM> = m]?x(n}f), and
set BOOL = False.

2: while (n™> — ™" > ¢) & (BOOL = Fulse) do

3: Assign 7 = (max + 7min)/2, and then define sets A = {k|nl°® < n} and B = K/ A.

4:  Check feasibility of (Pg) as in Section

5. if (Pp) is feasible then n™>* =n, BOOL = True, else n™" = n, BOOL = Fulse, end if

6: end while

users. Towards this end, we consider the following min-max optimization problem:

(P2) gﬂﬂ; n (1.24a)
s. t. 2 <n,Vk, (1.24b)
fi < FVE, (1.24c)

> < Fhmax (1.24d)

k

s¥. st s€€{0,1}, Vk, (1.24e)

s+ sh 4 5§ = 1,Vk, (1.24f)

W™ < Wl < WMk, (1.24g)

0 < prPp < P, Vi, (1.24h)

0 < pr < ppr®, Vk, (1.24i)

Zk dp < D™ (1.24j)

Ty < TP, Vk, (1.24k)

where Q1 = UpexQi g, Q1 = {s,‘;,sz,si,w,‘;,fﬁ,f,g,]?k, Py d }; Fi® is the maximum CPU clock

speed of user k, FFm is the maximum CPU clock speed of the fog server, pp® is the maximum

transmit power of user k, [wy™, wy ] denotes the feasible range of the compression ratio wj which

can guarantee the required QoS of the recovered data, pi’® is the maximum constrained service cost.

In particular, for lossless data compression where the perceived QoS ¢f™" = 1 for all w{, this feasible

. . min min ma ma :
range is determined as w, ™" = w7 and wp" = w1 . For lossy data compression where the
b b

perceived QoS is required to be greater than qgu’“’mm, this range is determined as wZ’mm = w,;':rlnm

i /Ay
u,max __ . u,max qu,u qu,u,min qu,u k,2
and w,, = min {Wk,l , ((7&3 - qy ) Vi ) .
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Let 77}€° be the minimum WEDC due to UE k when it executes its computation task locally,

which is computed from (P3) as

O Dol R e [ B
o | (1.25)
min <Qk70(f,;"m'"), QkyO(F,;“ax)>, otherwise,

where Q. o(fF) = wlak(fF)%er + wier/fY, and f;g”min = ¢ /T and f,"°° = ¥/w] /(2wEay).

It can be verified that if n* is the optimum objective value of problem (P3), then an optimal
classification, (A*, B*), can be determined as A* = {k[nl° < n*}, and B* = K\ A*, where A and B be
the locally executing and the offloading user sets, respectively. Therefore, we propose Algorithm[I.4]
named as JCORA, to tackle (P3). In this algorithm, we initially calculate 7!® for all users in K as

max

in (1.25). Then, we employ the bisection search to find the optimum 7n* where upper bound 7

and lower bound ™" are iteratively updated until the difference between them becomes sufficiently
small, (Pg) is feasible, and the sets A and B do not change. It is noted that (Pg) is (P2) for the

users in set B. The feasibility verification of (Pg) is presented as follows.

1.2.2.2 Feasibility Verification of (Pg)

In order to verify the feasibility of (Pg), we consider the following problem

(Pvsy)  min ST st (1.24b), (1.244), (1.24¢) — (1.24K).
B keB

This problem minimizes the total required computing resource of the fog server subject to all
constraints of (Pg) except (1.24d). Let G, be the objective value of problem (Prv,p)- Then, the
feasibility of (Pg) can be verified by comparing Ggm to the available fog computing resource Ffmax,

In particular, problem (Pg) is feasible if G, < F' fimax - Otherwise, (Pg) is infeasible.

To solve (Pry,y), we consider two following subproblems

(Ps)e  min ff s.t. st =1, (1248, (1.24d), (1.249)r — (1.241)5, (1.24Kk)x,

2,k

(Py)k min dr s. t. Sz =1, (1.24b)k, (1.240)k, (1.24g)r—(1.244))r, (1.24k)%,
Qo kUdi \ ff
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Algorithm 1.5. Feasibility Verification of (Pg)

Solve (Ps3)y. to find fi'%, Vk € B.
Solve (Py)y, to find d,Vk € B.
if 3k such that sf + s =0 then
Return (Pg) is infeasible
else
Solve (Pev,y) to find G,
if G, <F fmax then Return (Pg) is feasible, else Return (Pg) is infeasible end if
end if

where () = {wz,f,;‘,f};,pk,pk}, (1.248), (1.240)k, (1.24g)x — (1.24)), and (1.24k)s denote the
respective constraints of user k corresponding to (1.24b)), (1.24d), (1.24g) — (1.244)), and (1.24k)).

In sub-problems (P3);, and (Py)x, let Of = log(wy), fi = log(fy), ff = log(ff), Px = log(Py),
and py, = log(px), we prove that (Ps)y is convex with respect to set ngul}, where [}, = Wy + p, and
szk = {@y, f,;‘, f,g, Py, pr.}. Similarly, (P4)y can be converted to a convex problem via logarithmic
transformation. If (P3) is infeasible, we set sj, = 0, and if (P4) is infeasible, we set s = 0.
With the obtained optimal objective of (P3); and (P4)g, denoted f,z’rq and d, respectively, the

mode-mapping problem which is the equivalent of problem (Pry ), is defined as

(Pev.)  min Gsy(Q) = Y (1= sp) A"
3 keB

s. t. Y sidy < D™ 5§ € {0,1},
keB
where Q3 = {s}|k € B} for a given 7. In fact, (Prv,) is a “0-1 knapsack” problem [29], which can
be solved optimally and effectively using the CVX solver. If Gg’m < Ffma " combining the set of
all solutions of the (P3)i’s, (Pa)i’s, and (Prv,,) yields a feasible solution of (Pg) for this value of
n. Hence, (Pg) is feasible in such scenario. The feasibility verification of (Pg) is summarized in

Algorithm [T.5

Theorem 1.1. The integration of Algorithm into Algorithm [1.4) yields the global optimum of
MINLP (Py).

Proof. Algorithm verifies the feasibility of (Pg) for any given value of ng = 1. Therefore, if
Algorithm employs Algorithm (P2) is solved optimally. Note that after convergence, the
optimal variables are given by the optimal solution of (Ps)y if sf, = 1 or (P4)y if s§ = 1 where the

values of the sf’s and s’s are the outcomes of (Pry ). O
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1.2.2.3 Data compression at Both Mobile Users and Fog Server

We now consider the more general case where the fog server also performs data compression before
transmitting the compressed data over the backhaul link to the cloud Servelﬂ This design option
can further enhance the performance for systems with a congested backhaul link. The backhaul
compression ratio is defined as w,fﬂ = b/ bZUt’f where bZUt’f stands for the number of bits transmitted
over the backhaul link. Denote s]' as the binary variable indicating whether or not data compression

is performed at the fog server for user k (sf! = 1 for DC, and s} = 0, otherwise). In this general

case, constraints (|1.24¢) and (1.24f) can be rewritten as

st st sS sme {0,1},Vk e K, (1.26a)

st st +sS+sM=1,Vkek, (1.26b)

Then, the computational load for compression and the output data corresponding to Mode

co,f .
3 can be modeled as czo’f = 7,2’0 7;?£f(w]f€)7k,2 + 7,2?; and bZ“t’f = by /w,fc, respectively, where

fy,i 0 ’yzol’f, yzoéf € Ry are positive numbers. Here, we have additional constraints for the compression
ratio at the fog server as
Wi, € [w,i’min,w,i’max], Vk e K. (1.27)

Then, the total computational load for user k at the fog server becomes é}; = 82 (ck,l + cze’”> +

sy (czo’f—i—cze’”), and the computing time at the fog server is ffL . = &/ ff. Moreover, the transmission
time incurred by offloading the data of user k£ from the fog server to the cloud server can be rewritten
as tv‘;k = (s’,;bZUt’u + s?bi”t’f> /di.. Then, the total delay for completing the computation task of user
k is given by T, = ko —I—fka + tV;,k + (s 4+ sM)T¢, and the WEDC becomes Zj, = w] Tj, + wE&p..

Then, constraint ((1.24k|) is rewritten as

Ty, < T2, (1.28)

2It is assumed that the compression algorithms deployed in the mobile users are less efficient than the compression
algorithms deployed in the fog server.
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Algorithm 1.6. PLA-based Feasibility Verification for (Pg®)

Initialize: L, n

Compute f,z’rq and d for all k € B as in Step 1 and 2 of Algorithm

Define ko = (d,;q —eq)l/L, Vk € B,l=0: L.

Compute f,i’rq (diy). If f;:;q(dkl) is unbounded then Remove point dj; end if.

777
Compute Ay, By, and then solve (7?,':3\'7?7) to get optimal value GZ%A* of (79,':)\'7?7).

if G’g"’;ﬁ* < Ffma then Return (PgY) is feasible, else Return (PgY) is infeasible end if

The extended versions of problem (P2) can be stated as

(PS) min
951 Uk{sg,wfk}Un

st EL <, (1.29a)

([T.244), (T.24d), (T.244)— (1.243)), (1.264)), (1.268), (L.27), (L.28).

To solve the extended problem, we employ the general solution approach presented in the pre-

vious Section. Now, we present the methods for the feasibility verification for (Pg®).

a) Piece-wise Linear Approximation based Algorithm (PLA): After determining flz’rq
and d}', respectively, we determine the required fog computing resources for a given dj, € (0,d}})

by solving the following problem:

(Pay,) min f,i

Q. U{wh }

s. t. s =1, (T29d),, ([24d)%, (T24g)k — (T247)5, (T28)k, ([T-27)-

Let f,zz;?q(dk) be the optimal solution of this problem, which can be obtained by employing the
logarithmic transformations described in Section [1.2.2.2] However, finding a closed-form expression
for .F,Z:;q(dk) is not tractable. Hence, we propose to employ the “Piece-wise Linear Approximation”
(PLA) method to divide the original domain into multiple small segments such that f,ii;q (di) can
be approximated by a linear function in each segment. Suppose that the interval [eq, d} —€q] is
divided into L segments of equal size, where €4 is a very small number compared to d,:,q, e.g,
eq = 1. Specifically, the I*" segment corresponds to interval (i1, di1+1), where di; = (d)'—eq)l/L

is a point such that f;;q(dhl) and the value of the approximated function at this point are equal.

Then, we can approximate .F,z:;q(dk) as ﬁ,i;zq (Vk, Uk> = ZlL:_ol (Vg1 Ak + vk Bg) , where A =
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(f;:;q(dk,l—&—l) - ]:;z::?q(dk,z))/(dk,lﬂ —dig), By = Fyi(diy) — Apadig, Vi = {or, 1 = 0,1, ..., L—1},
Ur = {ug;,l = 0,1,...,L — 1}, and continuous variable v;; and binary variable wuy ; satisfy the

following constraints:

L-1

sp=>_ upy < 1,VkeB, (1.30)
1=0

ug iy < vgg < ugii1degr, VREB, L= 0,1, .., L—1. (1.31)

Then, we have s]'d,= ZlL:_Ol v, Therefore, problem (PFVm)v which is used to determine the min-
imum total required fog computing resources for all users, is modified in this extended case as

follows:

. 5 A for ~f,r
(PR min Gpon <93> =3 (kAT + L (Vi U))
3

keB
.t st st upy € {01}, kI, (1.32a)
L1
Updrg < vgg < upg1diig, VK (1.32¢)
L1
S en (X v+ s ) < D (1.324)

where Qg = Uken (52 Usp UU, U Vk) and constraints ([1.32al), (|1.32bf), and (1.32¢|-({1.32d)) are

the transformed constraints of original constraints ((1.26a)), (1.268), and (1.247)), respectively. This
transformed problem is an MILP problem, which can be solved effectively by using the CVX solver.

The PLA based algorithm for verifying the feasibility of (Pg®) is summarized in Algorithm which

can be integrated into Algorithm to solve (P$). It is noted that if the value of f;:;q(dw) is

unbounded for a given dy, ;, this infeasible point is removed when applying the PLA based algorithm.
b) Two-stage Solution Approach (TSA)

In this section, two two-stage algorithms are developed by exploiting the fact that the decompres-
sion computational load (and therefore, the associated energy consumption) is almost independent
from the compression ratio. This implies that for a given 7, the optimal values f}, wj, pr, and py
for mobile user k are similar for both s}cC = 1 and s, = 1. Hence, in the first stage, after solving
(P3)r and (Pa)i, Yk € B, we can set these variables to the corresponding optimal solution of (Ps)g,

denoted as f, Wiy, pi1, and py ;. In the second stage, we find the remaining variables pertaining
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to the fog server 0y = UkeB{S};, s, sp, dg, f,i,w,f:} by solving the following problemEI:

(PRA) min GEAQ) = 3 (sT AL+ skA™)

keB
bout,f co,f de,u
s. t. s?( Z + (e ) < Vg0, (1.33a)
k fk
> (spdy + spdyy) < D™, (1.33b)

keB

(T:264), (T.260), (T.27),

where vy o = min{(n — Zg1)/wl, T — Tp1} + (ck1 + cge)/f,i’rq —T¢, and Zj; and T} are the
optimal values of Zj and T}, in (P3), respectively. Because (P,:T\%) is a difficult MINLP problem,

we tackle it by reducing the set of variables based on the following observations.

Observation 1: For any value of d’s satisfying ({1.33b)), the optimal solution of f,'; in (77;'—\%7) can

fd ~co,f 2+
be determined as ff* = sm¢ = s"Ho( w,dy ), where Ho(wf, di ) = B ml(wk) o
k — Sk boutf/d = S 70 Kk @k | 0 Lk Uk | — Vk,OW};dk*bllg 5

cof_ d cof_ de,u
Ve ’Vk0’7k1van Vi, —Vko’Yk:s +c”

~co,f
( co,f | de, U)

Observation 2: When s]' =1 and dj, > Jk,l, the optimal value of wi, denoted as w,fg*, is given

as follows:
Pt f,ycof <0U {7C°f>0 dp1<dy < dj.2},

W]fg* - inv (Hl (dk>>, lf")/COF > 0, Jk,2<dk S Jkyg, (1'34)

w; mmv fIYCOf > O7d/€ > Jk,?n

where Jk,l = b}:/(yk Owk) de = 7—[1( > dkg =H (w,im'">, and inv (7-[1 (dk>) is the value

Vk,2
Tor U055 +1) (‘”k) s U

o,f
o,
’Yk72 +1
~co,f co,f f
Vi, 1 VB0V 2 \ Wk

3We note that by reducing the number of optimization variables in (Pg&ﬁ]), the complexity of the resulting algo-

rithms for feasibility verification of (Pg®) is lower than that of the PLA based algorithm.

of wf for which H; <w,§) is equal to di, and H; (w;> 2
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Algorithm 1.7. One-dimensional Search Based Feasibility Verification for (Pg®)

. initialize: Ay, A =0, Assign (Pg®) is infeasible.
. Define f;;’rq and d, for all k as in Step 2 and Step 3 of Algorithm
: repeat
Assign A = A + A,. Compute d  as in and solve (PQ&}ES)A to find Gg%rs()\).
if Qg;TS(A) < Ffmax then
Return (Pg®) is feasible; break
end if
:until A =A™

Then, (Pg\%’;) is equivalent to the following problem:

(P,;r\?geq) min Z |:8,€m/H0 (wz*,dk) +s ff rq}
4 keB

s. t. (1.264]), (1.268)), (1.330)),

where Q4 = Ukeg{si,sz,s,’;‘,dk}. It can be verified that the optimal value of d for (P,I\?/:;eq),

denoted as dj, is given as follows:

0, if st*=1,

dy=<d7, if s=1, (1.35)

fx
{dk,A <8H0(wk 95) > +A= O},otherwise,
dp=dg

ady,
where A is the Lagrange multiplier of constraint (1.33b]).

Observation 3: The gradient 87—[0(wk ,d))/0dy, is a monotonically increasing function of dy.

With Observation 3, we can conclude that for a given A, there exists at most one value of dj,
satisfying OHo(w!*, di)/0dy + A = 0. This means if the optimal A is known, problem (PTSAeq) can
be solved effectively. Therefore, as described in the following, to solve (P,IV/;\] 1), we propose two
algorithms: one is based on a one-dimensional search for A, and the other one is based on iterative

updating .

bl) One-dimensional A-search based two-stage algorithm (OSTS Alg.) For a given A,
suppose that dj, ) satisfies 8Ho(wk ,dy)/0dy, +X = 0. By defining fj x» = Ho (w,fg*, dk> ,

dr=dp x dr=dp,
Ly = Sp, ik = 1—sf, and pp y = sp(1 —x), we can find the optimal solution of Ugep{sf,, zx, d }
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by solving the following problem:

(Pé)\ﬂs) GL?ZTS()‘) = min Y {Sk AJEN T+ S )\ff "

UkeBSk, A
€BSkN T

s. t. Z Sk )\dk AT ( Sk A Sk )\)d;cq < Dmax,
keB

SIT,)\? 81];7)\ € {O, 1},

where s\ = {S}; xr Siat- The above transformed problem is an integer linear programming (ILP)
problem, which can be solved effectively by CVX. Let Gg%-rs()\) be the optimum of (73,9\?17;5) A, then
we can find the optimum of (P;égeq) as GgiiTS* = miny C;gﬁf]-rs()\). Moreover, it can be shown that
when we increase A, all dj, y will decrease. Therefore, the maximum value of A is A™® satisfying
Ho(wk, di amax) > f,i’rq, Vk € B and Y ,cpdiamax < D™, Note that we can stop the search process
when there exists a A such that QOSTS()\) < Ffma_ When the bisection search for 7 converges, we
can find the optimum A* = argmin, QOSTS()\), and the optimal variables s = Shoass s‘;* = S};, A
sir=1—s" — s‘;*, ,g* = spaxfEar + sk )\*fk’ and di = sp’y.dp s + (1- 52)\* — slrc"’»)d;ﬁq,Vk e B.

The OSTS algorithm for feasibility verification of (Pg®) is summarized in Algorithm

b2) Iterative A-update based two-stage algorithm (IUTS Alg.) This method can solve

(P,;r\%]eq) with very low complexity via Lagrangian dual updates. Specifically, the dual function of

can be delined as = ming ~4, , and the dual problem can be stated as
Phvacd) can be defined as G°(\ 6, £(Q24, ), and the dual probl b d

m/exgo()\) s.t. A>0. (1.36)

Since the dual problem is always convex, G°(\) can be maximized by using the standard

sub-gradient method where the dual variable A is iteratively updated as follows: A, = [A,_1 +

keB
the step size, and [a] is defined as max(0,a). The sub-gradient method is guaranteed to converge

Jr
(5n( > (S]r?)\n_ldk,)\nfl + s, )\n_ld,::q) —Dmaxﬂ , where n denotes the iteration index, d,, represents

to the optimal value of A for an initial primal point €4 if the step size §,, is chosen appropriately,

e.g., 0, — 0 when n — oo, which is met by setting 6, = 1/y/n.

For a given \,, we can determine the primal variable dj ), = inv(H2()\,)). For given A,
and dy, »,, the primal problem becomes a linear program in sy »,,Vk € B, which can be solved

effectively by using standard linear optimization techniques. Moreover, the vertices in this problem
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are the points where the si) s, 527/\71’5, and sg , ’s are either 0 or 1. Thus, solving the relazed
problem will also return binary values 0 or 1. However, once the skm)\n’s, 32’)\”’8, and 327% ’s take
values of 0 or 1, the decision on the application execution location (fog or cloud) may be trapped
at a local optimal solution such that the required fog computing resources cannot be updated
to improve the solution. To overcome this critical issue, the gradient projection method can be

adopted to slowly update variables S,Z:An’s, s};)\n ’s, and 32,/\”’5 as s,(ﬁnﬂ) = Pg, (s,gn) — SVS,(:)) ,

where s,(cn) = [s,'g/\", 82’/\”, 327,\"]7 5 is the step size, Vsé”) = [7{0(0.2,2*, dir,) + Andi ), An ,i’rq, Andy],
and Py, (.) is the projection onto the set &} = {sk\sk >0, Sfmn + St T Sk, < 1}. Finally, it

can be verified that this iterative mechanism always converges [30].

1.2.2.4 Numerical Results

We consider a hierarchical fog-cloud system consisting of =10 users where the users are randomly
distributed in the cell coverage area with a radius of 800 m and the BS is located at the cell center.
In particular, the path-loss is calculated as fi(dB) = 128.1 + 37.6 log;y(disty), where disty, is the
geographical distance between user k and the BS (in km) [27]. We further set the beamforming gain
as My = 5, the maximum transmission bandwidth as p§'®* = 1 MHz, and the noise power density
as ops = 1.381 x 10723 x 290 x 10%? W/Hz [3I]. All users are assumed to have the same maximum
clock speed of 2.4 GHz, a maximum transmit power of p;® = 0.22 W, and the circuit power
consumption per Hz is set to pyo = 22 nW/Hz. We assume that the number of transmission bits
incurred to support computation offloading 'k” is the same for all users. Moreover, the computation
demands of the 10 users {ci,ca, ..., c9,c10} are set randomly in the range 1.8 — 2.4 Gceycles while
the maximum delay time is to T7"* = 1 second, the non-offloadable load is c; o = 0.1cg, and the
offloadable load is c; 1 = 0.9¢;, for all users. We also set the energy coefficient as o, = 0.1 x 1027
and the computing time at the cloud server as 7 = T;"®* /5. For the data compression algorithm,
we set 750 = 0.03 x 2.6%%28, 4%, = 32.28, 47% = 0.3, 779 = 0.115, 7§, = —0.9179, 7% = 0.046, Vk,
wz’min =23, and wy " = 2.9. The energy and delay weights are chosen so that w,E + w;gr = 1,Vk.
Simulation results are obtained by averaging over 100 realizations of the random locations of the
users. Finally, for all figures, we set the raw data size as bi,: = 4 Mbits (except for Fig. ,
w,'cE = 2w,—€r, Vk, the maximum fog computing resource as Ff™M® = 15 GHz, the maximum backhaul
capacity as D™ = 20 Mbps, and k = 50 (except for Figs. , where k captures the relationship
between v} ; in and the raw data size as 7} o = kbl [32)].
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In practice, a fog server can support more powerful data compression algorithms compared to
the users. This implies that the compression ratio for the fog server is much larger than that for the
users. Therefore, when the fog server decompresses and re-compresses data, we set the parameters
as follows: 7% = 0.076,75% = 0.7116,7%" = 0.5794, wp™ = 3.4, and W™ = 11.2. The step

size is set as 6 = 0.1.

In Fig. [T.3] we show the significant benefits of data compression for computation offloading where
the min-max WEDC (called WEDC for brevity) vs. b is plotted for six different schemes: the
‘Local-execution’ scheme in which all users’ applications are executed locally; the ‘Alg. in [I5] (w/o
Comp)’ scheme in which the benchmark algorithm in [I5] is applied with wj} = 1,VEk, and no data
compression ﬁ the ‘JCORA Alg. w/o Comp’ in which the proposed JCORA algorithm is applied
with wj = 1,VEk, and no data compression (the other variables are optimized as in the JCORA
algorithm); and three other instances of the proposed JCORA algorithm with data compression
and three different values of Kk = 50,100,200 (r = ’yg,O/bik”). To guarantee a fair comparison
between the ‘Alg. in [I5] (w/o Comp)’ scheme and our proposed schemes, we also apply MIMO and
optimize the offloading decision and the allocation of the fog computing resources, transmit power,
bandwidth, and local CPU clock speed for the ‘Alg. in [I5] (w/o Comp)’ scheme. In addition, for
the remaining variable dj, we allocate the backhaul capacity equally to the users that offload their

tasks to the cloud server.

As can be observed from Fig. computation offloading can greatly improve the WEDC when
there are sufficient radio and computing resources to support the offloading (e.g., the incurred
amount of data is not too large). Specifically, computation offloading even without data compres-
sioncan result in a significant reduction of the WEDC compared to local execution, especially when
the incurred amount of data b};‘ is small such that the constrained radio resources do not limit perfor-
mance. Furthermore, even without exploiting data compression, our proposed algorithm (JCORA
Alg. w/o Comp) results in a much better performance than the algorithm proposed in [15]. This is
because our proposed design jointly optimizes the offloading decisions and the computing and radio
resource allocation, while in [15], the offloading decisions are found nearly independent of the com-
puting and radio resource allocation. In particular, the semidefinite relaxation technique employed

in [I5] may not always guarantee the rank-1 condition for the optimized matrix. Joint optimiza-

4As discussed in Section I, this paper provides the first study of joint data compression and computation offloading
in hierarchical fog-cloud systems. Therefore, the recent work [I5] on computation offloading in hierarchical fog-cloud
systems, which does not exploit DC, is selected as benchmark for performance comparison.
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Figure 1.3 — Min-max WEDC vs. b.
tion of data compression, computation offloading, and resource allocation can lead to a significant
further reduction of the WEDC for a larger range of b}? (e.g., when bj" = 2.4 Mbps, the min-max
WEDC is reduced by up to 65%). However, the energy and time consumed for (de)compression
also affect the achievable min-max WEDC, and their impact tends to become stronger for larger

Vi o and when the available radio resource is more limited.

To evaluate the system performance when data compression is performed at both the mobile
users and the fog server, we consider the following parameter setting: 7]2,0 = Vkos fimax — 15 GHz,
and D™ = 20 Mbps. The benefits of data re-compression at the fog are shown in Fig. [[.4] where
we plot the min-max WEDC vs. b} for four different schemes: the ‘JCORA Alg. w Comp’ scheme
in which data are compressed only at the users while the three remaining schemes correspond to the
proposed algorithms for the extended case. In particular, ‘9-pt PLA Alg. w Fog Comp’, ‘OSTS Alg.
w Fog Comp’, and ‘IUTS Alg. w Fog Comp’ correspond to the 9-point PLA, OSTS, and TUTS al-
gorithms, respectively, which perform compression at both the users and the fog server. For 'k” =
Mbits, an additional min-max WEDC reduction of 35% can be achieved by performing data com-
pression at both the users and the fog server. Moreover, the required radio resources decrease with
decreasing bi,:; therefore, the gain is reduced due to the decreasing demand for data transmission.
When }C” increases, the main bottleneck for computation offloading are the limited radio resources

available to support data transmissions between the users and the fog server; therefore, the gain
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Figure 1.4 — Min-max WEDC in general design scenario.
due to data re-compression at the fog server becomes less significant. This figure also confirms that

the ‘9-pt PLA’, ‘OSTS’, and ‘IUTS’ schemes achieve almost the same min-max WEDC.

1.2.3 Wireless Scheduling for Heterogeneous Services with Mixed Numerology

in 5G Wireless Networks

The main contributions of our work can be summarized as follows:

e We study the scheduling problem for heterogeneous services with mixed numerology which
aims to maximize the number of admitted users while meeting service latency and data trans-

mission requirements.

o We propose two algorithms, named Resource Partitioning-based Algorithm (RPA) and Itera-

tive Greedy Algorithm (IGA), to acquire efficient resource scheduling solutions.

1.2.3.1 System Model

We consider the 5G system where the available time-frequency resource is divided into resource ele-

ments (RE). Each RE occupies the bandwidth of Af . (Hz) and the slot duration of At . (seconds).

min min
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The link/channel conditions for each subcarrier are assumed unchanged during the scheduling time.

t

Moreover, we assume that the 2D RA is performed over each scheduling interval of T = N*AL .

(seconds) and the bandwidth of Bf = MfAf . (Hz). Considering the scheduling problem for users
where the serving base station supports multiple numerologies. The bandwidth of a PRB in nu-
merology [ is defined as Af and the slot duration of a PRB in numerology [ is defined as A}. Then,
we have Al = At | /2, Af =2Af At = min{A}, Wi}, and Af,, = min{Af,VI}. For convenience,
the numerology used by user k is denoted as [, the set of all users is denoted as K, the set of
numerologies is denoted as L, Imax = max{l € L}, lmin = min{l € L}, and L = lax — Imin, and the

cardinals of set £ is denoted as [£|. Each user k requires a data chunk of d;} bits be completely

transmitted and the total waiting time for its data transmission must not be larger than 7,'®. We

use (i,7) to refer to a particular RE where its location is given as f € [(i — 1)Af ., :iAf . ) and
te[(j— DAL, : jAL), for 1 <i < MPand 1< j <N

1.2.3.2 Problem Formulation

PRBs are allocated to users where the numerology is selected in advance by each user. Moreover,
each RE is allocated to only one user and associated with one numerology. We represent the
mapping for one particular PRB of numerology ! to REs in the 2-D frequency-time resource space

as follows:
Qo =10, 5)m <i <m+ M;,n <j<n+ N}, (1.37)

where M; = 2/=tmin_1 N; = 2lma—l_1  Assuming that the number of PRBs assigned to user k is
not larger than C} to maintain certain fairness among users. Then, we introduce binary variables
xf”jc’s, y,’?,fn’s where y’n“fn = 1if q;, ,,,, corresponds to the ™ assigned PRB of user k, and y,’ffn =0
otherwise; xfjc = 1 if RE (i, ) is assigned for user k in its ¢! PRB, and xfjc = 0 otherwise. For

ke, the ranges of ¢,i,j,m, and nare c=1:C), i=1: M, j=1:Nt, mzl:Mf—Mlk, and

n=1:N'— N, respectively. We impose the following constraints to ensure non-overlapping RA:

k?
Z Z xi’fj/ 2 2Ly7]fri,cn’ Vk7 ¢, m,n, (138&)
z":m:m—‘,—Mllc j’:n:n—i—le

D ek Do Ty SLVi G and Y03 yhe <1 Vk,e. (1.38b)
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Let Tﬁln denote the transmission rate of user k on PRB q, ,,,,,- Then, the total amount of data

Mf M Nt N
transmitted by user k during the scheduling interval is dj = Alk Yo i Yo e Zc_l m, nym -

Each user k£ wants its data chunk to be completely transmitted and the total waiting time be

X

not larger than 77"®. Let 75 denote the initial waiting time (of the data chunk) of user k € K
at the beginning of the considered scheduling intervalﬁ Then, the total waiting time until the
transmission instant of user £ can be written as 7, = 740 + 7,1, where 731 is the additional
waiting time before user k is served in the scheduling interval, which can be expressed as 71 =

At min{j—1 | ajﬁ’f:l,Vi,j, c}.

min

Our design aims to schedule as many users as possible while meeting their data demand and

latency requirements. Recall that user k wishes to transmit a data chunk of d; bits with the total

waiting time not larger than 7;®. To maintain these constraints, we define a function capturing

if both constraints are satisfied as u; = 1 dk,d?ﬂwax,m, where 1, stands for the step function, i.e.,
1, =1if z >0, and 1, = 0, otherwise. In fact, if a scheduling solution ensures that the amount of

max

transmitted data and the total waiting time satisfy dp > dk and 7, < 7%, respectively, we have

ur = 1; otherwise, ug, = 0. Then, the scheduling problem can be formulated as

(P1) max Z%K ug s.t. (1.384)), (1.38Y), and =,y € {0,1},

where ¢ = {azfﬂ Vi, j,k,c} and y = {yk%,| Vk, ¢, m, n}.

Let z,’ffn = ukyﬁfn,Vk, ¢, m,n, (P1) can be transformed into the ILP form as

(P1-F) max g
:c,y,z7u€{0,1} ke’C

st (3. (3.
PIEDD Skt —u >0, k€K, (1.392)

n/=1:N; ¢

Zzzrmn ke, —urdid >0, VkeK, (1.39b)

kcn > uk—l—yf;;n—l z < mln{uk,y Wb Vk.emon, (1.39c¢)

5This initial waiting time is applied to the first chunk of a new data flow when the data flow arrives in the middle
of the previous scheduling interval.
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Algorithm 1.8. Resource Partitioning based Algorithm (RPA)

1: Initialize: Set initial value for Mpg.

2: Partition resources into Mp sub-bands and distribute users into these sub-bands as in Sec-
tion [1.2.3.3

3: Step 1: Solve (P} ) to obtain upt* for all mg, k € K-

4: Step 2: Solve (P,,) to create a contiguous region of unallocated resources between two con-
secutive sub-bands while still satisfying the requirements of admitted users, i.e., users with
upt* =1, Vk.

5. Step 3: Solve (Prpa) to assign unallocated resources to un-admitted users, i.e., users with
upt* =0, Vk.

Algorithm 1.9. Tterative Greedy Algorithm (IGA)
1: Initialize: d;}y =}, cp = 0, W = 1, W = 10.

2: repeat
3:  Compute Uy, 1 find the largest value of Uy, ng ke, and perform the corresponding PRB
allocation.

k b
4:  Update different parameters after the PRB allocation as cg, = ¢, + 1, asign ywﬁocﬁg =1,

update the remaining required data dj, = djiy — ko Aj,and Wiy n = W, ¥n =1: N*-.
5. Drop all overlapped PRBs g, ,, ,, to PRB q,,
6: until U, ,, . = 0,Vm,n, k

mo,n0

where z = {2, 25¢ | Vk, ¢, m,n} and u = {uf, uf}| Vk}. Here, N, represents the maximum num-

t

ber of time slots (with size of Al . seconds) that user k can wait, counting from the beginning of the

scheduling interval, to meet its delay constraint which is determined as N = [ (7" — 75,) /AL

min

where |.] is the floor operation.

1.2.3.3 Proposed Algorithms

a) Resource Partitioning Based Algorithm (RPA)

We propose a low-complexity algorithm which solves (P]F) by decomposing it into parallel
small-scale sub-problems. We first divide the available bandwidth into Mg sub-bands where sub-
band mg occupies the spectrum from (mg — 1)| M /Mg |Af . to min{mg| M /Mg |Af . MFAf 1.
Then, the following three steps are taken in RPA: 1) perform RA on each sub-band, 2) re-arrange

unallocated resources for consecutive sub-bands, and 3) assign these re-arranged resources to support

more (un-admitted) users.

The key steps of RPA are summarized in Algorithm In Step 1, we randomly distribute

users into sub-bands to make resource demands on different sub-bands similar. Denote the set
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of users associated with sub-band mp as K,,;, and the set of REs in the frequency dimension as
T = {m|m = (mg — 1)|MF/Mg| : min{mg| M /Mg], Mf}}. We then solve (PI-P) corresponding
to each sub-band mg and the set of users K,,, to obtain admission decisions, denoted as uzl*’s. The
sub-problem for sub-band mg is named (P{'}'ZB). In Step 2, after finding uil*’s, we re-arrange the
allocated resources so that the unallocated REs from two consecutive sub-bands can be arranged
close to one another and they can be combined and mapped into PRBs of certain numerology as

defined in ([1.37). The re-arrangement of unallocated REs on sub-band mg can be achieved by

solving the following problem:

Po)  min XYY Y waly

,y,2€{0,1} k€K mg €Img j=1:N'—Ny, c=1:Cy

st up=udl*, (L.38d), (T.380), (1.39d), (L.398), VEEK mg, i€ Tms,

where {W;} is an increasing series, e.g., W;=2¢ if the sub-band index is odd and {W;} is a decreasing
series, e.g., W;=2"" if the sub-band index is even. It can be verified that after solving (P )
all unallocated REs in two consecutive sub-bands will be pushed close to one another to create a
contiguous resource region as large as possible. Let {x%ms , y%mB , z;‘DmB} denote the optimal solution
of (Pmg). In Step 3, we assign the unallocated resources, Q2 = {(i,j)|:1:§;mB = 0,Vmg}, to the set
S1x
k

of unadmitted users IC = {k|up'* = 0} by solving the following problem (Prpa):

max Yy s.t. (1.38a)), (1.380), (1.394)), (1.39), VEEK, (i, j) €.

wvyvzaue{071} kela

b) Iterative Greedy Algorithm (IGA)

We propose another fast iterative algorithm where we greedily assign resources to users based
on an assignment weight which depends on the requirements of the underlying user, the amount
of data transmitted and the achieved latency if the underlying PRB is assigned to the user. In
each iteration, we calculate the assignment weight for each pair of an available PRB and a user
based on which the resource assignment is performed for the PRB-user pair achieving the largest
weight. After that, the available PRBs and the weights of all possible PRB-user pairs are updated
to prepare for further resource assignment in the next iteration. This process is repeated until there

is no more available PRB or unsatisfied user.
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We now define the resource assignment weight for a particular PRB-user-resource pair as follows:
Thnn
U, = et Falpeni Wi if ¢ < Cr,dy}y > 0, and UF, , = 0, otherwise, where dj is the
) k ’ ) ) )

dio
remaining required data amount in each iteration, which is equal to d,:;q in the first iteration, ¢ is
the current total PRBs assigned to user k, and N} is the set of REs in the time domain, which is

rq f_
defined as Ny, = {n|n < N7} if ZnNi1 ZM M Pl yke, =0, and N = {n|n < N*}, otherwise,

m=1
and W, ,, is a matrix used to mitigate the resource fragmentation in the allocation process, which is
updated in each iteration. The unit matrix is initially assigned to Wy, . In particular, L{f%n is chosen
based on the following criteria: 1) Users with smaller required data chunk receive higher scheduling
priorities; 2) If a user is not admitted yet, a PRB at the time location closer to the slot corresponding
to the allowed maximum waiting time is more prioritized; 3) Admitted users are allocated resources
until their requirements are completely satisfied; and 4) The resource fragmentation is prevented
to ease future PRB allocations. The IGA is summarized in Algorithm In each iteration of
IGA, we need to compute the resource assignment weights U, ,, . for all available m, n, k, determine
the largest U ng. ko to perform RA, update different parameters, and drop all overlapped PRBs to
the assigned block. The worst-case complexity of each iteration is O(MfNtK). Let N be the
number of iterations, which is upper bounded by MfN t|L|, the overall worst-case complexity of

IGA is O(N* MfNt|L|K).

1.2.3.4 Numerical Results

We consider a wireless system with pedestrian and high moving users in a cell with radius of 500
meters. The channel path-loss £, (dB) = 128.1 + 37.6log (%) where v is the distance between
user k and the BS (in km). For small-scale channel fading, ITU pedestrian-B channel parameters
with Doppler shift of 50 Hz and ITU Vehicular-A channel parameters with Doppler shift of 500 Hz
are used for pedestrian users and high moving users, respectively. We set three user groups A, B,
and C and the numbers of users in these group are |K/3|, |K/3] and K —2|K /3], respectively.
Specifically, group A adopts numerology 0 corresponding to high moving users with large data
demand, group C uses numerology 2 corresponding to high moving users requiring low waiting time,
and group B employs numerology 1 corresponding to pedestrian users with average requirements on
the transmission data and waiting time. The transmission rate is calculated according to Shannon’s
capacity where the ratio of transmit power per Hz to noise power density is set equal to 2.8 x 10°.

The required data chunks d,;q over the interval T of 1 ms for users in groups A, B, and C are set
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Figure 1.6 — Comparison of RPA and IGA with the optimum on the execution time
randomly in [500 — 2000] (bits), [500 — 1000] (bits), and [180 — 500] (bits), respectively, and Cj, is
set equal to 10. Besides, N,;q defined in Proposition 1 is set equal to 8 for users in group A and
randomly in [3-6] and [1-4] for users in groups B and C, respectively. All numerical results are

obtained by averaging the results over 50 random realizations.

We show the relative gap in Fig. which is calculated as (3> ug —> u,SPA/IGA) x100%/ >k ug
for M = 32 and K = 20 where u,SPA/ IGA/LP+LDB] 1d ug represent the objective values for user k
obtained by using RPA/IGA/LP+LD[4] and the CVX-Gurobi solver, respectively. Fig. shows

the ratio between the average execution time (ET) of the RPA /IGA and that required to solve (P}-F)
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by the CVX-Gurobi solver (ET-G). We have chosen u¢ as a referenced solution because the relative
gap between the actual optimal solution and the solution returned by the Gurobi solver is less than
10~* by default. The “LP+4LD” algorithm proposed in [4] includes two loops: an outer loop to assign
PRBs to users based on the utility matrix for all PRB-user pairs, and an inner loop to determine the
utility matrix. Specifically, the utility matrix is determined by considering the linear programming
(LP) relaxation and the Lagrangian dual (LD) problem. In fact, the “LP+LD” algorithm obtains its
solution by tackling the ILP dual problem where the zero duality-gap is generally not guaranteed.
The figure shows that our proposed algorithms outperform the “LP-+LD” algorithm. Besides, as
shown in this figure, the relative gap due to RPA increases when the number of sub-bands Mg
increases. This is because larger Mp reduces RA flexibility in each sub-band and thus resource
utilization efficiency. However, the execution time of the RPA can be reduced significantly when
Mp becomes larger. In contrast, IGA always explores good resource-user pairs for efficient resource

utilization and IGA is not affected by Mp.

1.3 Concluding Remarks

In this doctoral dissertation, we have developed various novel resource management techniques and
algorithms for systems exploiting 5G NR and MEC. In particular, we have made three important re-
search contributions. First, we have developed an energy-efficient resource allocation and offloading
decision algorithms for MEC, which perform significantly better than the other conventional local
computation strategies in terms of energy-saving and fairness. Second, we have proposed a general
efficient weighted energy and delay cost for hierarchical fog-cloud systems via joint data compres-
sion, offloading decision, and resource allocation. The proposed designs significantly outperform the
other state-of-the-art designs in the literature. Finally, we study the scheduling problem for het-
erogeneous services with mixed numerology which aims to maximize the number of admitted users
while meeting service latency and data transmission requirements and demonstrate the efficacy of

the proposed algorithms when determining the solutions.






Chapter 2

Résumé Long

2.1 Contexte et motivation

Les recherches sur le réseau cellulaire sans fil de cinquiéme génération (5G) et au-dela ont été
motivées par la nécessité de prendre en charge I'explosion du trafic mobile et le nombre croissant
de communications sans fil, y compris les connexions basées sur ’homme et I'internet des objets
(IoT). Plus précisément, il est prévu que des dizaines de milliards d’appareils sans fil, de 'ToT &
faible colit aux smartphones, tablettes, casques de réalité virtuelle, et voitures seront connectés
aux réseaux sans fil au cours des prochaines années. La demande de communication sur différents
types d’appareils mobiles dans des domaines verticaux, notamment 1’usine intelligente, le véhicule
intelligent, la grille intelligent, la ville intelligente, est de plus en plus sophistiquée. Ainsi, les fu-
turs réseaux sans fil doivent fournir différents services de communication avec différentes exigences
de QoS. En particulier, 'union internationale des télécommunications (ITU) classe les services de
réseau mobile 5G en trois catégories: le mobile a large bande amélioré (eMBB), les communica-
tions de type de machines massives (mMTC) et les communications ultra-fiables et & faible latence
(uRLLC). En général, eMBB fait référence aux services nécessitant une large bande passante, tels
que la vidéo haute définition et les flux de réalité virtuelle/augmentée (VR/AR). En tant que tel,
mMTC convient dans des scénarios avec une connectivité dense, tels que les villes intelligentes et
I’agriculture intelligente. Ceci est en distinction avec uRLLC, qui est vise a prendre en charge
les services de mise en réseau sensibles au facteur temps et les services critiques, tels que la con-

duite automatique/assistée et la télécommande. Pour fournir ces services, une nouvelle structure
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de trame a été définie dans 5G New Radio (NR). En permettant la numérologie flexible, I'intervalle
de temps de transmission (TTI) et la taille de trame peuvent étre configurés de maniere flexible
pour s’adapter aux demandes de service [3]. Quelques premiers travaux [4H6] sur la planification
et I’allocation des ressources avec la structure de trame 5G NR montrent une maniere prometteuse

d’améliorer les performances futures du systéme.

En général, les technologies de MEC/MCC permettent d’améliorer la convivialité mobile et
de prolonger la durée de vie de la batterie mobile en déchargeant les applications gourmandes en
calcul sur un serveur brouillard/cloud distant [7H9]. Dans un systéme MCC, d’énormes ressources
de calcul sont disponibles dans le réseau principal, mais la capacité d’amenée limitée peut induire
un retard important pour les applications sous-jacentes. En revanche, un systeme MEC, avec
des ressources de calcul déployées a la périphérie du réseau a proximité des appareils mobiles,
peut permettre le déchargement des calculs et répondre aux exigences exigeantes des applications
[10]. Les systémes informatiques de brouillard-nuage hiérarchiques qui tirent parti des avantages
du MCC et du MEC peuvent améliorer les performances du systéme [IIHI5] ou les serveurs de
brouillard déployés a la périphérie du réseau peuvent fonctionner en collaboration avec les serveurs
de nuage les plus puissants pour exécuter des applications utilisateur gourmandes en calculs. Plus
précisément, lorsque les applications des utilisateurs nécessitent une puissance de calcul élevée ou
une faible latence, leurs taches de calcul peuvent étre déchargées et traitées sur les serveurs de
brouillard et/ou de cloud distants. Les scénarios potentiels et les applications de MEC et de ses

variantes sont encore en discussion pour les systemes 5G et au-dela.

En raison du besoin d’échange de données engendré par le processus de déchargement, la trans-
mission sans fil joue un role intégral dans le systéme de déchargement informatique [16]. Par
conséquent, pour utiliser efficacement la puissance de MEC, il faut développer des conceptions ef-
ficaces pour la gestion conjointe des ressources sans fil et informatiques. De plus, des technologies
de communication avancées telles que le MIMO massif, le réseau hétérogene (HetNet) et le dis-
positif a dispositif (D2D), qui permettent d’améliorer Uefficacité spectrale, seront utilisées dans le
MEC et ses variantes. En conséquence, la gestion conjointe de deux types de ressources différents
devient tres difficile. Plus précisément, a la différence des réseaux sans fil généraux, 1’énergie et
le temp délai dans MEC et ses variantes sont liés non seulement a la transmission sans fil, mais
également aux facteurs de calcul. Ce sont les fonctions compliquées de différents parameétres et

facteurs tels que la bande passante, la puissance de transmission, la vitesse d’horloge du processeur,
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I’emplacement d’exécution. Une gestion et une optimisation efficaces de ces parametres dans deux
types de ressources différents sont un probléme treés difficile [I7], et nécessitent encore beaucoup

plus d’efforts concertés de la communauté sans fil [I8, [19].

En outre, la vue de 'application est un aspect important lors de la mention d’un réseau sans fil
5G. En effet, avec les récentes percées dans l'intelligence artificielle (AI), de nouvelles applications
émergentes permettant de nouvelles fagons d’interactions entre les choses et les humains ont été
créées pour améliorer la qualité de vie. Beaucoup d’entre elles sont des applications & forte intensité
de calcul telles que la cybersanté, la reconnaissance/détection/surveillance d’objets. Lorsque seuls
les problemes liés aux communications sont concernés par la conception et la gestion du réseau,
il est impossible d’activer ces applications exigeantes en calcul sur de nombreux types d’appareils,
en particulier les appareils IoT a faible coiit. Par conséquent, les réseaux sans fil 5G doivent
prendre en charge non seulement les fonctions de communication, mais aussi de calcul, de controle
et de distribution de contenu (4C). Le MEC a récemment été proposé comme une technologie
importante dans les réseaux sans fil 5G pour permettre une variété de nouvelles applications a forte
intensité de calcul, méme sur des appareils IoT a faible colit. En général, MEC est un concept
d’architecture de réseau défini par ETSI [20], qui permet des capacités de l'informatique en nuage
et un environnement de service informatique & la périphérie du réseau cellulaire. Différents aspects
de conception de MEC, tels que le partitionnement des taches et I’allocation des ressources, ont été
étudiés dans les communautés universitaires et industrielles pour les activer et prendre en charge

les futurs scénarios et applications systeme [21], 22].

5G NR est une toute nouvelle interface radio en cours de développement pour la 5G afin de
prendre en charge une grande variété de services et d’appareils. Cette partie présentera brievement
un nouveau concept en 5G NR, nommé numérologie. A noter que la numérologie est un terme qui
est utilisé pour définir la grille de ressources discretes dans le plan temps-fréquence continu. Une
caractéristique critique du 5G NR est 'utilisation de la fréquence porteuse de moins de 1 GHz a 52,6
GHz, comme défini dans la version 15 du projet de partenariat de troisieme génération (3GPP).
Cependant, les propriétés de propagation des canaux des bandes de basses et hautes fréquences
sont tres différent. En particulier, la bande de basses fréquences est fortement affectée par les
environnements intensifs a propagation de retard tandis que la bande de hautes fréquences est
fortement influencée par le bruit de phase [23]. En conséquence, une numérologie unique appliquée

a une large gamme de fréquences devient inefficace, voire impossible. Par rapport a la numérologie
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LTE, le 5G NR prend en charge plusieurs types d’espacement de sous-porteuse sur la base d’un

espacement de sous-porteuse de base de 15 kHz [24].

En particulier, 5G NR définit cinq numérologies OFDM distinctes qui sont paramétrées comme
uw=0,1,2 3,4. La numérologie i a la bande passante de sous-porteuse de 2* x 15 kHz et une durée
de tranche de 27# millisecondes. En numérologie p = 0, la grille temps-fréquence est la méme que
celle du LTE, 5G NR peut coexister avec LTE et NB-IoT basé sur LTE sur la méme sous-porteuse.
Pour les bandes de fréquences plus basses avec un espacement étroit entre les sous-porteuses, les
numérologies 0, 1 et 2 sont utilisées pour contrer les environnements intensifs a propagation de
retard. Pour les bandes de fréquences plus hautes, 1'utilisation de la numérologie 2, 3 et 4 avec
un large espacement des sous-porteuses peut rendre le systéme robuste au bruit de phase et peut
bien prendre en charge les services a faible latence [24]. L’introduction de différentes numérologies
offre la flexibilité pour divers services dans le méme systéme. Elle également de nouveaux défis lors
du multiplexage de différentes numérologies dans le méme espace temps-fréquence. En raison de la
différence de grille temps-fréquence, la planification sans fil pour des services hétérogenes avec une
numérologie mixte dans les réseaux sans fil 5G devient un probleme important pour améliorer les

performances du systéeme.

2.2 Contributions a la Recherche

La gestion des ressources de calcul et radio pour les systemes MEC et la planification sans fil
pour les services hétérogenes compte tenu de la numérologie mixte NR sont des problémes de
recherche pris en compte dans la these. A cette fin, nous considérons trois aspects de conception
fondamentaux pour permettre la coexistence ci-dessus, a savoir 'allocation des ressources et la
décision de déchargement dans les systemes MEC, la compression conjointe des données, la décision
de déchargement et I'allocation des ressources dans les systéemes informatiques de brouillard-nuage
hiérarchiques et la planification sans fil pour les services hétérogenes avec numérologie mixte dans
les réseaux sans fil 5G. Plus précisément, nos principales contributions peuvent étre décrites comme

suit.
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2.2.1 Déchargement de Calcul dans les Systemes MEC basés sur MIMO sous

P’estimation de CSI parfaite et imparfaite

Dans cette contribution, nous développons des algorithmes pour optimiser le déchargement et
I’allocation des ressources dans les systemes MEC basés sur MIMO en considérant ’estimation
de CSI parfaite/imparfaite. Les conceptions de déchargement de calcul existantes pour le scénario
multi-taches multi-utilisateurs n’ont pas pris en compte I'importante technologie de communication
MIMO et ses problemes connexes tels que ’estimation de CSI imparfaite. Notre article actuel vise
a combler cette lacune dans la littérature en proposant des algorithmes généraux de déchargement
et d’allocation des ressources qui peuvent assurer 1’équité et prendre en compte la technologie de
pointe MIMO. En particulier, les principales contributions de ce travail de recherche peuvent étre

résumées comime suit:

o Nous considérons deux scénarios importants avec une estimation de parfaite-CSI (P-CSI) et

imparfaite-CSI (IP-CSI) pour le systéeme MEC basé sur MIMO.

e Nous proposons différents algorithmes efficaces pour résoudre le probléeme de déchargement
de calcul et d’allocation de ressources conjoint, qui minimise 1’énergie consommée pondérée
maximale (Min-max W.C.E) pour les utilisateurs mobiles compte tenu des contraintes de
latence et de limitation des ressources. En particulier, nous proposons un algorithme optimal
réalisant la solution optimale globale pour le scénario P-CSI, et deux algorithmes itératifs
de faible complexité pour déterminer les solutions sous-optimales pour les scénarios P-CSI et

IP-CSI, respectivement.

e Nous discutons de l'extension de la conception proposée lorsque le temps de renvoyer les
résultats de calcul des utilisateurs déchargés est considéré. Nous décrivons également comment

étendre I’algorithme proposé pour résoudre ce probleme plus général.

2.2.1.1 Modele de Systeme

Nous considérons un systeme MEC comprenant des K UEs a antenne unique et une BS, colocalisé
avec le serveur de périphérie, équipé d’antennes M. Nous supposons que I'UE k a I’ensemble des

taches de calcul indépendantes Ly, et chaque tache I € L; nécessite un certain nombre de cycles
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CPU ¢y, et un certain nombre de bits de données by, (par exemple, pour transmettre les états de
programmation impliqués a la BS). La décision de déchargement binaire pour la tache Il € Ly, est
capturée par la variable binaire sy, , ou si;, = 1 si la tache [ est exécuté sur I'appareil mobile, et
sk,1, = 0 si cette tache est déchargée sur le serveur de périphérie. Soit fj et ff la vitesse d’horloge
du processeur pour exécuter I’application de UE k localement sur ’appareil mobile et a distance
sur le serveur de périphérie, respectivement. Ensuite, pour l'utilisateur k, nous avons I’énergie de
calcul locale f}f = ozkf,fl ZL Sk.1, Ck,l » 1€ temps d’exécution local t'kf’ = f,;ll Zﬁ Sk.,1, Ck,ly » €t le temps
d’exécution & distance tckezk(f,‘;)*1 > (1= sk, )ck,, ou oy, désigne le coekf%c?ent d’énergie spécifié

ILELY
dans le modele de CPU.

Soit hj, € CM*1 le vecteur de gain de canal de liaison montante entre UE k et les antennes
de la BS ou les éléments du vecteur de gain de canal de liaison montante hj sont modélisés
comme hypp = Qv Brsm € {1,2, ..., M}, oll @,k et By représentent respectivement les coefficients
d’évanouissement a petite et a grande échelle. Soit py la puissance d’émission de liaison montante de
I'UE k et m le vecteur de bruit dont les composantes sont des i.i.d. CN(0,0ps). L’ensemble des UE
qui ne peuvent pas exécuter toutes leurs taches localement soit noté Ke={k € K[> ez, sk, <|Lk|}
et la détection basée sur ZF est appliquée dans ce systéme considéré, la borne inférieure du débit
de transmission moyen, la borne supérieure du temps de transmission moyen et de l’énergie de

transmission moyenne de UE k pour le scénario P-CSI sont respectivement notées comme

re = Wlogy(1+pif), (2.1)
tZ’,“pb = ()7 D0 (1= sku)br (2.2)
IkELE
b b
G = (ot pro)tiR (2.3)
< M-Ik

Pour le scénario IP-CSI, soit T' le nombre de périodes de symboles correspondant a l'intervalle
de cohérence de canal et 7 le nombre de symboles dans le pilote. Soit /7pt ¢, € CT*! la séquence

pilote affectée & UE k ot p*" désigne la puissance pilote et ||¢,||> = 1. En supposant que la détection
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basée sur ZF est appliquée et que (ka ¢; = 0,Vk # j, la borne inférieure du débit de transmision

moyen 72 est donné par [25]:

P}fb = Wlog, (pt)\k + ok +pk) — Wlog, (pt)\k: + Uk>7 (2.4)

(TP" Br+0bs)0bs Bi _ (1P Br+0ops)0bs
O =
(TP Bi+ops) TPt B2 (M —Ke)’ P BE(M—K¢) *

transmission moyen et de 1’énergie (y compris le temps d’entrainement et 1’énergie) peuvent étre

Ensuite, la borne supérieure du temps de

ou /\]m' =

écrites, respectivement, comme

T
tub t,ub
thp = ﬁtk,Tpl, (2.5)
t,ub 7(p" + pro) t,ub
k,IIJP = <T—7‘ + Pk + Pk tkﬁpl, (2.6)

« tub by
ol tyipy = () X0 en, (1= skt )bry-

Le probléme qui minimise 1’énergie consommée pondérée maximale chez les utilisateurs mobiles
compte tenu de la latence et des contraintes de ressources radio-calcul limitées peut étre énoncé

comme suit:

(P2) g min & (2.7a)
5.t we(§9+ € <& Yk, (2.7b)

te <, VE, (2.7¢)

th+ 15, < me, VK, (2.7d)

sk, € 10,1}, VK, (2.7e)

Zke,cg fR<FS [ =0, (2.7f)

0< fio < I, Vk,, (2.7g)

0<pe <pp™, Vk, (2.7h)

ol wy, représente le pondération énergétique de UE k, S = {sy, Yk}, si, = {sk1,,Vlk}, {f, f€, p} =
{fe: f5, Pk, Yk}, ni; est le délai maximal permis de UE k, F}"® indique la capacité de calcul maximale

de UE k, et pi’® représente la transmission maximale la puissance de I'UE k, F' est le budget de
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calcul disponible sur le serveur de périphérie, . et & peut étre exprimé pour les scénarios P-CSI

et IP-CSI comme

t,ub t,ub
. g, P-CSL g, PO
k— ) k—

ty\p, IP-CSI &ip, IP-CSI

Proposition 2.1. Le probléme (P2) peut étre remanié comme

P min
(P2)  guin

s. t. Z Sk,l1, Ch < nkF]gnaX, Vk € ’C, (2.8&)
lLELE

@7, @7d) — @77), @7R),

ol

3
&0 = agny ( > Sk,lkaJk) , Vkelk, (2.9)

ILELY
2.2.1.2 Conception d’Algorithmes pour le Scénario P-CSI

Pour résoudre le difficile MINLP (P2), nous proposons deux algorithmes ou le premier (P-O) peut
trouver la solution optimale globale tandis que le second (P-SO) réalise une solution avec une

complexité moindre.
a) P-CSI - L’algorithme Optimal (P-0) :

Proposition 2.2. Pour une valeur donnée de &, le probléme (Ps) est réalisable si tous les sous-

problémes (Ps),Vk sont réalisables et > f;’?in < F€ ou f;’?i" est la valeur optimale de (Ps3)y,
kE}Cf ’ ’

K¢ est le l'ensemble des UEs qui téléchargent leurs taches de calcul si lexécution locale consomme

[’énergie totale supérieure a &, qui est calculée comme suit:

1, st wkg}f > &,V stspy, =1
Ke|=> 6k, et 6= : (2.10)
k

0, autrement
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Algorithm 2.1. Optimal Algorithm - P-CSI (P-O)

1: Initialize: choose €, &min = 0 and Emax = min(max(wpg2 sk, = 1,5, ez, e < MRET™),£).

2: while &0 — Enin < € do

3: Assign € = (§max + &min) /2.

4:  Determine set K¢ as in .

5. Solve (P3); to get fre" for all k € K.

6:  Assign feasibility = true if all subproblems (P3); are feasible and Zkelcg f;;'; n < pe,
7. Assign (&max, Emin) = bisectionSearch( feasibility, &)

8: end while

et (P3) sont les sous-problémes qui peuvent étre résolus indépendamment par les UE individuels

(k € K¢) pour des valeurs données de & et |K¢|, qui sont donnés comme

(P3)r  min  [ff]"

Sk?f}‘é#’k

S. t. 2.70) 1, (2.7d)w, (2.7¢)k, (2.7h])x, (2.8d) k,

ou [ff]T = max(ff,0), les contraintes (2.70)k, (2.7d)k, (2.7¢)k, (2.7h)k, et (2.8d)r dénotent les
contraintes correspondantes [2.70), 2.7d), 2.7¢), (2.7h), et [2.8d) pour UE k, respectivement.

En utilisant les résultats de la Proposition [2.2, nous proposons un algorithme optimal pour
résoudre le probléeme (P2) comme décrit dans Algorithme De plus, pour s; donné, (Ps)i
est transformé de maniere équivalente en probléme convexe standard comme indiqué dans la Sec-

tion m Ensuite, en considérant toutes les différentes combinaisons de si;, (I € Ly), ol s

satisfait {i et k, nous pouvons déterminer f;g‘ " ainsi que la solution de (Ps)y.
b) P-CSI - L’algorithme de faible complexité (P-SO)

Nous proposons un algorithme de faible complexité qui résout de maniére itérative deux sous-
problémes décomposés & partir de (P3) ou le premier, & savoir le sous-probléme d’optimisation
du déchargement (OP), détermine la décision de déchargement et l’allocation des ressources de
calcul tandis que le second, c’est-a-dire le sous-probleme d’allocation de puissance (PA), effectue
I’allocation de puissance en liaison montante et réaffecte la ressource de calcul. Tout d’abord, pour

une valeur donnée de p, le sous-probleme (OP) est donné comme suit:

(PP) g}gpgg st (2.7, (2.7d) — 2.7/), (2.84).
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Deuxiémement, avec la solution de déchargement S obtenue en résolvant (PP), le (PA) est

donné comme

(P5B) n}icn£§ st (.70, 2.7d), 2.71), (2.7h).
pPsJ,

L’algorithme proposé (P-SO), qui résout de maniere itérative (PP) et (P;,A;) jusqu’a conver-
gence, est décrit dans Algorithme En outre, cette approche est la clé pour résoudre le probleme
(P2) dans le scénario IP-CSI lorsque la recherche d’une solution optimale serait impossible. Notez
que 5(‘1)\(73;/; ) est I'optimal du sous-probléeme (P; Ap) a l’itération ¢q. Nous décrivons comment ré-

soudre (OP) et (PA) dans ce qui suit.

Afin de s’attaquer a (ng), nous appliquerons la technique de décomposition utilisée dans la
section pour décomposer davantage ce sous-probléme en sous-problémes a petite échelle des

utilisateurs individuels:

(POPY, min  [fE]ts.t. (2.70)k, (2.7d)k, (2-7€)k, (2.8a).

sk7f;€:

, . .. , ,  pC,min .
Pour déterminer un minimum de f§ pour un § donné, noté szg , nous appliquons la recherche

de bissection sur £ comme dans ’algorithme a l'exception d’une certaine différence a 1’étape 4

c,min

et a I’étape 5 pour trouver fk;’g . Soit Szi e R2“kIx|Lk| désigne la matrice binaire dont les lignes

représentent toutes les combinaisons possibles de décisions de déchargement de tache de UE k. Par

t
, 0 011
exemple, S’Z' = dans le cas de |L;| = 2. Ensuite, il peut étre vérifié que la valeur

01 01
minimale de f{ pour une valeur donnée de § peut étre calculée comme
fo™ = min((LCO, © LC2 ® L20;)\{0}),

LOOk = Lexa ,, —~LO0, 205
wi(pk + Pro) (1 — SP)by

LCO?f = wkakm;Q(Szick)g—{—

LC2% = |(1-SP)er @ (exLycy — ———)|

L0 = 1,5 ghes0 (2.12)
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Algorithm 2.2. Low-complexity Algorithm - P-CSI (P-SO)

1: Initialize: choose ¢, initial p,(go) = Pmax/2, Vk.

2: while £(Q)|(P§>P) - §(Q)|(p§A) <edo

3:  Assigng=q+1;

4: Solve P9P to get S, (f9)@ and E(q)|(p§>p).
5. Solve P;é to get pl@, (£9)@ and f(Q)|(P§AP).
) :

. end while

ou ® et © désignent respectivement le produit et la division Hadamard, 1, représente le vecteur
nx 1 de uns, 1> est la fonction d’indicateur et ™ = max(z, 0). Dans les expressions ci-dessus, les
éléments de LCOy et L20; seront égaux a 1 si la ligne correspondante de S,l;i satisfait la contrainte
ket k, respectivement. Le vecteur de LC?2;, décrit la valeur minimale de f;; correspondant
a chaque ligne de S,t;i. Il est & noter que LCO), LC2;, et L20; ne dépendent pas de la valeur de
&; ainsi, nous avons juste besoin de les calculer au début de la recherche de bissection (la ‘boucle
while’ dans I’algorithme et de les utiliser pour mettre & jour LCOy et f;? " correspondant & la

valeur mise a jour de &.

Avec la solution de (PP), nous pouvons alors résoudre le (73; &) sous-probléme & obtenir les
solutions optimales de puissance d’émission p; et d’allocation des ressources informatiques f¢.
Cela peut étre accompli en utilisant un processus similaire employé dans la section qui
applique la recherche de bissection sur £ et en résolvant le sous-probleme (Ps3);. Il est & noter que
I’algorithme crée une séquence de solutions réalisables pour (P2) ou la valeur de la fonction

objectif de ce probleme diminue de facon monotone au fil des itérations.

2.2.1.3 Conception d’Algorithmes pour le Scénario IP-CSI

Nous nous attaquons au probleme (P,) en résolvant itérativement deux sous-problemes (P9 )et
(77; ',A‘P) jusqu’a convergence . Etant donné que I'TP-CSI n’affecte que 1’énergie de transmission et le
temps de transmission, le sous-probleme OP (PQOP) peut étre résolu comme dans la section [2.2.1.2

il suffit de considérer le sous-probléme PA (P; /ﬁp), qui peut étre écrit comme
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(7)2P,|AP) m]i}cl 13

st (270 wp(€hip +€°) <€

2.7d) : 1550 + f’g <, (7). (2.7h).

On peut vérifier que (PQP ﬁ;) est non convexe et NP-difficile. Pour s’y attaquer, nous appliquons
d’abord DC pour convexifier approximativement les contraintes non convexes et - pour

une valeur donnée de £ comme suit

b+ pig + TP @) <, (213)
<Tj: T) ~|b(£|ap @) " ka e = 0 (2.14)
ou
Xi(p — p'?)

7P (p|p @) = W logy (pr + PAk + o) — W logy (D) A, + o) — , (2.15)

log(2) ()M + )

p'? est le point que 7°(p|p?) = #2(p).

Il est & noter que f}gb(p]p(‘i’)) < f}cb(p) du fait que vg(p) < vx(p) = vk(p(q)) + Vvk(p(q))(p — p(q))

au point p(@, ou v,(p) = W log, (pt)\k + O'k>. A partir de (2.15)), la vérification de faisabilité

de (77; b) pour une valeur donnée de ¢ équivaut désormais & trouver au moins un point (f¢, p,

p(q)) qui crée des contraintes ll et 1) et des inégalités 1} 1| réalisable. A cette fin,

nous mettrons & jour de maniére itérative p{@ pour affiner Papproximation dans 1} et trouver
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Algorithm 2.3. PA Feasibility Verification - IP-CSI

1: Initialize: choose p(®) as the previous solution of (73; ﬁ;).

2: repeat

3 ¢g=q+1

4 At p=pl solve (PEA)@1) to get p9), f©
5. if x <0 then

6: Assign feasibility = true

7: Return p@, f¢; break;

8: else

9: Assign feasibility = false

10: Compute Fkb(p]p(q)) for all k

11:  end if

12: until convergence

le minimum y pour un donné p(?, ot y est I'objectif du probléme suivant:

(PIH) @ min  x (2.16a)
D, f,x

7(p" + pro)

s. t. pr+pro+ — &P (plp?) < x, (2.16b)

T —
T B &
Sk _ < 2.1
<T - 7’) Bplp@) e k=X (2.16¢)

@71, @.7H),

Comme indiqué ci-dessus, la convexité de (77; ﬁ))(q) est garantie; par conséquent, nous pouvons
résoudre efficacement ce probléme en utilisant le solveur CVX. Enfin, la vérification de faisabilité
est présentée dans ’algorithme et la recherche de bissection pour résoudre (77; ?‘P) est similaire a
I’algorithme a exception de la différence & ’étape 5, ou la vérification de faisabilité est effectuée
comme décrit dans ’algorithme On peut vérifier que pour un ¢ donné, en utilisant DC pour
approximer le débit de transmission (en utilisant la limite inférieure du débit dans (2.15))) et en

résolvant de maniere itérative le probleme (772P ﬁ;)(q) conduit a la convergence.

Proposition 2.3. Sila valeur optimale de (P;fp)(Q) est égale a zéro a la convergence de l’algom’thme
alors la solution de (P;lAP)(Q) combinant avec & donne un point stationnaire du sous-probléme (PEJAP),

ot Q désigne lindice d’itération final d la convergence de lalgorithme [2.3,
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2.2.1.4 Considération de Transmission en Liaison Descendante

Nous étendons la conception proposée décrite dans le précédent sections pour examiner cette trans-
mission de liaison descendante. Soit bgl,lk le nombre de bits de liaison descendante liés au résultat
du calcul de la tache lg, qui doivent étre envoyés de la BS a ’'UE k. En supposant que le précodeur

ZF est utilisé, le débit de liaison descendante ergodique de la borne inférieure peut étre exprimé

comme
W log, (1 + pﬂ'/ag') (P-CSI)
b = : (2.17)
Wilog, | 1+ S o red pd,)\ e (IP-CSI)
zElCe
r (g 5"\, g
ko E <, Yk € K, (2.18)
T— 1 (T}Cb Ad| Ib fk 3
where bzdl > (11— Sk7lk)b(]3:| 1,- D’autre part, la puissance d’émission moyenne de BS peut étre
IkELY ’
calculée comme
kgcg a7 VCI Y , P-CSI

pos= 3 af(lanlt= g
kEng Py TP Br+0obs _
5 i oS!

La puissance de transmission totale & BS doit étre limitée par sa puissance maximale pd_ . qui peut

étre exprimée comme suit:

pes < pdl_ . (2.19)
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Nous pouvons maintenant formuler le probleme de déchargement de calcul et d’allocation de
ressources conjoint en considérant les transmissions de données en liaison montante et en liaison

descendante comme suit:

(PSY min¢ st (2.78), 2.7¢), @.7F), @.77), @.84), (2.18), @.19).

Pour résoudre ce probleme difficile, nous pouvons a nouveau le décomposer en deux sous-
problemes comme dans les sections précédentes. En particulier, nous résolvons de facon itérative

le sous-probléme (OP) (avec des contraintes (2.70)), (2.7€), (2.71), (2.84), et (2.18))) pour trouver le
s, f© optimal et résoudre le probléme étendu ( PA) sous-probleme (avec contraintes [2.70)), (2.71),

(]2.7hb, d2.18|), et (]2.19[) pour trouver p, p¥. Etant donné que les variables d’optimisation p,p®

ne sont capturées que dans le fichier sous-probléme étendu (PA), nous pouvons résoudre le sous-
probleme (OP) comme dans la section Pour résoudre le sous-probléme étendu (PA), nous
pouvons appliquer les mémes techniques que dans la section [2.2.1.3] pour traiter le débit de liaison
descendante, car les deux composantes de retard, qui correspondent au temps de transmission de
liaison montante de les données encourues et le temps de transmission du téléchargement du résultat

du calcul, respectivement, ont la méme structure.

2.2.1.5 Résultats Numériques

Nous considérons un systeme MEC avec la bande passante du canal de 10 MHz et K = 20 UEs
répartis de maniere aléatoire dans une zone de couverture cellulaire avec un rayon de 900m. Dans
nos parametres de simulation, nous définissons ;" = 2.4 GHz, P" = 0.22 (Watts), pyo = 0.05,
ar = 0.1x107%7, |£.| = 5, and 7, = 1 pour tous k, M = 30, F° = 40 GHz, pd_ = 10 (Watts),
Ops = ag' = bande passante x3.6 x 10721, T = 200 symboles. Tous les UE ont le méme nombre
de taches paralleles et la méme demande de calcul totale de 0.24 Gceycles, mais le nombre de cycles
CPU par tache est défini de maniére aléatoire. Le nombre total de bits de transmission pour toutes
les taches est défini pour étre le méme pour tous les UE tandis que le nombre de bits par tache est
généré de maniere aléatoire. Pour I’évaluation des performances de la conception proposée, nous
choisissons le rapport entre le nombre total de bits de transmission et le nombre total de cycles

CPU requis (BPC) & environ 4.2 x 1073 (a I'exception des résultats de la Fig. [2.1)), qui est proche

de sa valeur la plus élevée possible pour les applications considérées dans [26]. Le coefficient du
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Figure 2.1 — Comparaison des performances avec / sans déchargement et avec/sans optimisation des
ressources radio et calcul.

canal & petite échelle est généré selon la distribution de Rayleigh et I’affaiblissement de propagation
est défini selon le rapport technique 3GPP comme i (dB) = 128.1 + 37.6log;o(dx) ou dj est la

distance géographique entre UE k et la BS (en km) [27].

L’avantage de 'optimisation de ’allocation des ressources radio et calcul conjointe dans la con-
ception de déchargement de calcul est illustré sur la Fig[2.1] pour faire varier le retard maximum
autorisé 7. Dans cette figure, compte tenu de I'absence de transmission de données en liaison de-
scendante et du scénario P-CSI, nous comparons les performances réalisables dans quatre scénarios:
traitement des taches sur les appareils mobiles (‘No-offload’), déchargement partiel avec décision
de déchargement optimale et allocation des ressources en nuage avec fixe puissance d’émission pour
tous les UE pr = pmax/2 et pr = Pmax, €t avec une allocation optimale de la puissance d’émission
(‘Optimal pg 7). Les sous-figures gauche et droite montrent le W.C.E min-max atteint pour dif-
férentes valeurs de bits de transmission par cycle CPU (BPC). Sur cette figure, nous pouvons voir
que la latence minimale requise pour que I’appareil mobile puisse traiter ses taches localement (le
cas ‘No-offload’) est de 0,1 s tandis que la latence minimale requise dans les autres cas, 0,08 s.
Cela signifie que le déchargement des calculs permet aux appareils mobiles d’obtenir une latence
plus faible. En outre, I’énergie consommeée dans le schéma de déchargement partiel est nettement
inférieure a celle dans le cas ‘No-offload’. Par exemple, le W.C.E min-max a n = 0,1s dans la
sous-figure de gauche est égal a 0,138, 0,036, 0,029, 0,014 pour le ‘No-offload’, puissance d’émission

fixe de ‘Dk = Pmax/2’; ‘Pk = Pmax €t ‘Optimal py’ respectivement. Cela signifie que le déchargement



Chapter 2. Résumé Long 57

0.09 -
b —©—P-0, noDL
0.08 —4—P-S0, noDL
IP-SO, noDL

—%—IP-SO, withDL, T = 0.5 |
IP-SO, withDL, T, =1
pu I

—E—IP-SO, withDL, T = 1.5

E 0.05
g A
€004l
£ 4
= 0037
1
0.02 | ..a % ‘g
0.01 1 1 1
0.08 0.09 0.1 0.11 0.12 0.13 0.14

Time delay n
Figure 2.2 — Min-max W.C.E versus maximum allowable latency.
partiel permet d’économiser environ 5 fois I’énergie sans optimisation de la puissance de transmis-
sion et d’économiser environ 10 fois I’énergie avec une puissance de transmission optimale. De
plus, la différence d’énergie consommée entre les schémas de déchargement et de non-déchargement

augmente pour un plus petit nombre de bits de transmission.

La figure présente les performances obtenues des différents scénarios de conception consid-
érés dans cet article: solution optimale avec P-CSI - pas de données de liaison descendante (‘PO,
noDL’), solution avec P-CSI - pas de données de liaison descendante ( ‘P-SO, noDL ’) et IP-CSI -
pas de liaison descendante données (‘IP-SO, noDL’). Nous considérons également différents scénar-
ios d’application avec une petite, moyenne et grande quantité de données de liaison descendante en
comparaison avec une quantité de données de liaison montante ou les performances de notre algo-
rithme de faible complexité pour le scénario IP-CSI sont étudiées. Plus précisément, nous définissons
le rapport entre la quantité de données de liaison descendante et la quantité de données de liaison
montante ([gpy) (c-a-d. calculé comme 37, . bfﬁ[lk/zlkéﬁk bii,) égal & 0,5, 1 et 1,5 correspon-
dant aux données de liaison descendante faible (‘T'gqp, = 0.57), aux données de liaison descendante

moyenne (‘I'ypy = 17), et de grandes données de liaison descendante (‘I'gp, = 1.57), respectivement.

On peut observer a partir de cette figure que l'algorithme de faible complexité atteint des
performances presque optimales lorsque la contrainte de temps délai maximale est moins stricte
(courbes ‘bleues’ et ‘noires’). Pour le scénario IP-CSI, les utilisateurs mobiles auront besoin de plus
d’énergie pour la transmission de données afin de compenser les erreurs d’estimation CSI. Lorsque

la quantité de données de liaison descendante augmente, il faut plus de temps pour transférer les
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données de téléchargement, ce qui signifie que moins de temps est disponible pour télécharger les
données de liaison montante et le calcul sur le serveur en le nuage. Dans certains cas, 'augmentation
de la puissance de transmission a sa valeur maximale peut ne pas conduire & une amélioration du
SINR, et le faible taux de transmission peut empécher la transmission de données de liaison montante
réussie dans le processus de déchargement. Dans tous les scénarios étudiés, méme pour la valeur
élevée de I'ypy, le schéma de déchargement partiel nous permet d’économiser considérablement de

I’énergie.

2.2.2 Compression des Données et Déchargement des Calculs Conjointe dans

les Systemes Informatiques de brouillard-nuages Hiérarchiques

Au meilleur de nos connaissances, la conception de la compression des données, du déchargement
de calcul, et de I’allocation des ressources conjointe pour les systemes informatiques de brouillard-
nuages hiérarchiques n’a pas été considérée dans la littérature existante. Les principales contribu-

tions de ce travail de recherche peuvent étre résumées comme suit:

e Nous proposons un modele de calcul non linéaire qui peut étre ajusté pour capturer avec

précision la charge de calcul encourue par la compression des données et la décompression.

e Pour la compression des données uniquement pour les utilisateurs mobiles, nous formulons
la conception conjointe équitable du ratio de compression, du déchargement des calculs, et
de I'allocation des ressources en tant que probleme d’optimisation MINLP pour minimiser le
colit pondéré maximum en énergie et en délai de service (WEDC) de tous les utilisateurs.
Nous proposons un algorithme optimal, dénommé compression des données, déchargement
des calculs et allocation des ressources conjointe (JCORA), qui résout ce probleme difficile de

manieére optimale.

o Nous étudions ensuite une conception plus générale ou la compression des données est effectué
a la fois chez les utilisateurs mobiles et le serveur de brouillard (avec avec des ratios de compres-
sion différents). Nous proposons trois algorithmes de solution différents, a savoir I’algorithme
PLA (I'approximation basé sur linéaire par morceaux), l’algorithme en deux étapes basé sur
A-recherche unidimensionnel (OSTS) et l'itératif A-update basé sur un algorithme en deux

étapes ( IUTS), pour résoudre ce probléme plus général.
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2.2.2.1 Modele de Systeme

Nous considérons un systeme informatique de brouillard-nuage hiérarchique composé de K utilisa-
teurs mobiles & une seule antenne, d’un serveur de nuage et d’un serveur de brouillard colocalisés
avec une station de base (BS) équipée d’un grand nombre d’antennes. Dans ce systéme, la BS
communique avec les utilisateurs via des liaisons sans fil tandis qu’une liaison d’amenée (filaire)
est déployée entre la BS colocalisée avec le serveur de brouillard et le serveur de nuage. Pour
plus de commodité, nous désignons ’ensemble d’utilisateurs par K. Nous supposons que chaque
utilisateur k doit exécuter une application nécessitant ¢, cycles CPU dans un intervalle de 7;®
secondes, ol ¢ ¢ cycles CPU doit étre exécuté localement sur I’appareil mobile et les cycles CPU
restants déchargeables c; 1 peuvent étre traités localement ou déchargés et traités sur le serveur
de brouillard-nuage pour économiser de I’énergie et améliorer les délais. Soit bik” le nombre de bits
représentant les données encourues correspondantes des cycles CPU c¢; 1 éventuellement déchargés.
Une fois que ¢ 1 cycles CPU sont déchargés, 1'utilisateur & compresse d’abord les bits b b};‘ corre-
spondants vers le bas a bZ”t’” bits avant de les envoyer au serveur de brouillard distant. Le ratio de

. z i t
compression est noté wi = b /by .

a) Modéle de Compression des Données:

Nous adoptons une approche pratique d’ajustement des données pour modéliser la charge de
calcul de compression, la charge de calcul de décompression, et la qualité de la compression en tant

que fonctions non linéaires du ratio de compression, comme suit:

X,u .
X,u __ _u X,Uu u\?y X,u u u,min u,max
& = o VAR 4 58] for w7, (2:20)
qu,u .
qu,u __ _qu,u qu,u u\y u u,min u,max
4y = Y3 — ['YkJ (W) k’2:|7 for Wke[wa y W1 J; (2.21)
NV RS 1y , . . , . u,min u,max
ou ‘x’ = ‘co’ et ‘de’ 'représentent respectivement la compression et la décompression, [wk 1 Wit ]

représente la plage possible de wj! et dépend de la I’algorithme de compression utilisé par I'utilisateur
k, czo’” et cie’” indique les cycles CPU supplémentaires & la source et & la destination nécessaires
pour la compression et la décompression , respectivement; q,j“’“ représente la QoS pergue (c’est-a-

dire que ce parametre, qui n’est pris en compte que pour la compression avec perte, mesure 1’écart
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entre les vraies données et les données décompressées); ;. est le nombre maximum de cycles CPU;
b

d ) R N d d
7,2?/ e/q“’“,z =1,2,3, sont des parametres constants ou ’yzol/ e/qu’u,y,?g/ e/q“’uz().

b) Modéle de Calcul et de Déchargement: Nous introduisons maintenant les variables
de décision de déchargement binaire sj, sfk, et s; pour la tache de calcul de l'utilisateur %, ou
sp = 1, 82 = 1, et sf = 1 désignent les scénarios ou l'application est exécutée sur ’appareil
mobile, le serveur de brouillard et le serveur de nuage, respectivement; et ces variables sont nulles
sinon. De plus, nous supposons que les cycles CPU ¢ doivent étre exécutés a exactement un
emplacement, ce qui implique s}, + 52 + s = 1. Ensuite, la charge de calcul totale de 'utilisateur k

sur ’appareil mobile, notée cj, et sur le serveur de brouillard, notée C};, sont donnés respectivement,

co,u f f de,u
cf = cro+ sper1 + (1 — s}é)ck et ¢, = s}, <ck,1 + ¢ )

L’énergie de calcul locale consommeée par 1'utilisateur k et le temps de calcul local peuvent étre
exprimés, respectivement, comme f , = ay f,;’2c,'; et 1], = ¢ /fy, ot f} est la vitesse d’horloge du
processeur de l'utilisateur k et ay, indique le coefficient d’énergie spécifié par le modele de processeur
[28]. Soit ff la vitesse d’horloge du processeur utilisé sur le serveur de brouillard pour traiter cy ;.
Ensuite, le temps de calcul sur le serveur de brouillard est donné par tfl,k = 02, / f,‘; Nous supposons
que la tache de calcul de chaque utilisateur est exécutée sur le serveur de nuage avec un délai fixe

de T secondes.
c) Modele de Communication:

Nous supposons que l'estimation du canal est parfaite et que ZF est appliqué a la BS, alors
le taux de liaison montante moyen de l'utilisateur k a la BS (serveur de brouillard) est exprimé
comme 1 = plogy(1l + Pyfro), ot Py est la puissance d’émission en liaison montante par Hz de
I'utilisateur k, pj, désigne la bande passante de transmission et Sy o = Mofk/ops. Ici, B représente
le coefficient d’évanouissement & grande échelle, oy, est la densité de puissance de bruit (watts par
Hz) et My est le gain de formation de faisceau & entrées multiples et sorties multiples (MIMO) [25].
On suppose que le nombre d’antennes est suffisamment grand pour que My soit identique pour tous
les utilisateurs. Ensuite, le temps et 1’énergie de transmission en liaison montante de 'utilisateur
k peuvent étre calculés, respectivement, comme t5 ; = (1-— si)bzm’u/rk et &1 = pr(Pr + Pro)ty i,
ou Py représente la consommation électrique du circuit par Hz. Pour la transmission de données
entre le serveur de brouillard et le serveur de nuage, une liaison d’amenée avec une capacité D™

bps (bits par seconde) est supposée. Soit dj le débit d’amenée alloué a l'utilisateur k. Ensuite,
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le temps de transmission du serveur de brouillard vers le serveur de nuage est t; E = Sin“t’“ /d.

Ensuite, le délai total pour terminer la tache de calcul de I'utilisateur k est donné par

Ty =t ) +th ) + 15, +thy + siT°. (2.22)

De plus, I’énergie globale consommée par 1'utilisateur k£ pour le traitement de sa tache est donnée

par

S =&l + S (2.23)

Pratiquement, tous les utilisateurs souhaitent économiser de 1’énergie et profiter d’une faible latence
d’exécution des applications. Par conséquent, nous adoptons le WEDC comme fonction objectif de
chaque utilisateur &k comme = = w,ITk + w%{k, ou wg et w,E représentent les poids correspondant
respectivement a la latence du service et a I’énergie consommée. Ces poids peuvent étre prédéter-
minés par les utilisateurs pour refléter leurs priorités ou leurs intéréts. La conception proposée
vise & minimiser la fonction WEDC pour chaque utilisateur en maintenant 1’équité entre tous les

utilisateurs. A cette fin, nous considérons le probléme d’optimisation min-max suivant:

(P2) (rlrllbr:] n (2.24a)
s. t. 2 <n,Vk, (2.24b)
fo < B vk, (2.24c)

Yo fh < Fime (2.24d)

k

s¥ st s€e{0,1}, Vk, (2.24€)

S8+ st 45§ =1,Vk, (2.24f)

W™ <l < M g (2.24g)

0 < prPy < pi®*, Vk, (2.24h)

0 < pr < p™, Vk, (2.24i)

> de <D™, (2.24j)

Ty < T VEk, (2.24k)
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Algorithm 2.4. Optimal Joint DC, Offloading, and Resource Allocation (JCORA)

1: Initialize: Compute /2, Vk € K as in (2.25), choose €, assign ™" = 0, nM> = m]?x(n}f), and
set BOOL = False.
while (n™3 — pMi" > ¢) & (BOOL = Fulse) do

Assign 1 = (max + Mmin)/2, and then define sets A = {k|nl® < n} and B = K/ A.

Check feasibility of (Pg) as in Section

if (Pg) is feasible then n™> =7, BOOL = True, else n™" =5, BOOL = Fulse, end if
end while

ot Q1 = Upexk, Qg = {sY, 80,55, w8 f L Py, pr,di}; F est la vitesse d’horloge maximale

du processeur de 'utilisateur k, FF™2% est la vitesse maximale du processeur du serveur de brouillard,

pa* est la puissance d’émission maximale de P'utilisateur &, [wy'™ ", w,"™*] indique la plage possible

du ratio de compression wy qui peut garantir la qualité de service requise des données récupérées,

max

P est le cotlit de service contraint maximum. En particulier, pour la compression de données

sans perte ou la QoS pergue ¢j""" = 1 pour tous w}, cette plage réalisable est déterminée comme

u,min __ u,min u,max __ u,max . , N

& =wyy et w =wy . Pour la compression de données avec perte ou la QoS percue

oA - s _qu,u,min ‘ s u,min __ u,min u,max __
doit @tre supérieure a g, ", cette plage est déterminée comme w; = w, et wy =

. u,max qu,u qu,u,min qu,u 1/72?; 7
IMIN § Wy ¢ a<(7k,3 — 4 ) Vk,1 ) .
Soit n}f le WEDC minimum de UE k lorsqu’il exécute sa tache de calcul localement, qui est

calculée & partir de (P2) comme

. Qk;70(f]:l,5ta)’ if fl;l,sta c [f]:,min’F]?qax]

e = (2.25)

min <Qk70(f,;"mi"), Qk,O(F,;“aX)>, otherwise,

ot Qro(ff) = wiar(fi)2ex +wier/fE, ™" = cr/T™, et fir™* ={fw] /(2wEo).

On peut vérifier que si n* est la valeur objective optimale du probleme (P), alors une classi-
fication optimale, (A*, B*), peut étre déterminée comme A* = {k[nl° < n*}, and B* = K\ A*, o
A et B sont respectivement les ensembles d’utilisateurs exécutant localement et déchargeant. Par

conséquent, nous proposons 'algorithme nommé JCORA, pour s’attaquer a (Pz).

Dans cet algorithme, nous calculons initialement n}f pour tous les utilisateurs dans K comme

dans (2.25). Ensuite, nous utilisons la recherche de bissection pour trouver le n* optimal ou la

n

borne supérieure n™®* et la borne inférieure n™" sont mises a jour de maniére itérative jusqu’a ce

que la différence entre eux devienne suffisamment petite, (Pg) est faisable et les ensembles A et B ne
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changent pas. Il est a noter que (Pg) est (P2) pour les utilisateurs de 'ensemble B. La vérification

de faisabilité de (Pg) est présentée comme suit.

2.2.2.2 Vérification de Faisabilité de (Pg)

Afin de vérifier la faisabilité de (Ps), nous considérons le probleme suivant

(Pev.y)  min SR st (2:240), (2.240), (2.24€) — (2.24K).
B keB

Ce probléeme minimise la ressource de calcul totale requise du serveur de brouillard soumise
a toutes les contraintes de (Pp) sauf (2.24d). Soit G, la valeur objectif du probleme (Ppy,;).

Ffimax  En particulier, le

Ensuite, la faisabilité de (Pg) peut étre vérifiée en comparant G%,n avec
probleme (Pg) est réalisable si G, < F' fmax " Sinon, (Pp) est irréalisable. Pour résoudre (Pry ),

nous considérons deux sous-problémes suivants

(Ps)e  min ff s.t. st =1, (2.24b) 5, (2.24d, (2.240)r — (.24, (2.24k),

2,k

(P4)k min dk s. t. 82 = 1, (IQ24ka, (|2'24ch7 0224g|)k—(|2242|)k, 0224]/”1)]67
Qg Udi\ ff

ott Qo = {wd, £ ff ok, pr}s (2248, (2-24c)k, (2-24g)r — (2.244)k, et (2.24K)x dénotent les con-
traintes respectives de 'utilisateur k correspondant a (2.248b)), (2.24d), (2.24g) — (2.244)), et (2.24k]).

Dans les sous-problemes (P3); et (Py)g, posons @f = log(wy), f¥ = log(f¥), ff = log(ff),
P, = log(P,), et pr, = log(py), nous prouvons que (P3); est convexe par rapport a l’ensemble
QZkUlNk, N Wy + P et Qg’k = {@}, f,‘;,f,i,ﬁk,ﬁk}. De méme, (Py), peut étre converti en un
probléme convexe via une transformation logarithmique. Si (P3); est impossible, nous définissons
sy, = f, et si (Pa)r, est impossible, nous définissons s§, = 0. Avec 'objectif optimal obtenu de (P3)
et (Py)g, noté f,i’rq et )}, respectivement, le probléme qui est 'équivalent du probléme (Pgy ), est

défini comme
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Algorithm 2.5. Feasibility Verification of (Pg)

Solve (Ps3)y. to find fi'%, Vk € B.
Solve (Py)y, to find d,Vk € B.
if 3k such that sf + s =0 then
Return (Pg) is infeasible
else
Solve (Pev,y) to find G,
if G, <F fmax then Return (Pg) is feasible, else Return (Pg) is infeasible end if
end if

(Pev.)  min Gsy(Q) = Y (1= sP) S
3 keB

s. t. Y sidy < D™ 5§ € {0,1},
keB
ou 23 = {s;|k € B} pour un 7 donné. En fait, (Pry,y) est un probleme “0-1 knapsack” [29], qui
peut étre résolu de maniere optimale et en utilisant efficacement le solveur CVX. Si Ggm < Ffimax
en combinant 'ensemble de toutes les solutions de (P3)’s, (Psa)i’s, et (Prv,,) donne une solution
réalisable de (Pg) pour cette valeur de 1. Par conséquent, (Pg) est réalisable dans un tel scénario.

La vérification de faisabilité de (Pg) est résumée dans l'algorithme

Theorem 2.1. L’intégration de l’algorithme dans lalgorithme donne 'optimum global de
MINLP (Py).

Proof. L’algorithme vérifie la faisabilité de (Pg) pour une valeur donnée de ng = 7. Par
conséquent, si ’algorithme utilise I'algorithme (P2) est résolu de maniére optimale. Notez
qu’apres convergence, les variables optimales sont données par la solution optimale de (Ps)j si

st =1 ou (Py)y si s{ =1 ot les valeurs des sf, et s sont les résultats de (Pgy ).

2.2.2.3 Compression de Données chez les Utilisateurs Mobiles et le Serveur Fog

Nous considérons maintenant le cas plus général ou le serveur de brouillard a également effectué
la compression de données avant de transmettre les données compressées via la liaison d’amenée

au serveur cloud. Cette option de conception peut encore améliorer les performances des systémes
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avec une liaison d’amenée congestionnée. Le ratio de compression d’amenée est défini comme
i out,f < jout,f , . . . .

wl = bin/ by ot by représente le nombre de bits transmis sur le lien d’amenée. Notons s}

comme variable binaire indiquant si la compression de données est executée ou non sur le serveur

de brouillard pour 'utilisateur & (s} = 1 pour la compression de données et s;! = 0, sinon). Dans

ce cas général, les contraintes(2.24¢)) et (2.24f)) peuvent étre réécrites sous la forme

st st 88, sm € {0,1},Vk € K, (2.26a)

s¥ 4 i+ st + s =1,Vk € K, (2.26D)

Ensuite, la charge de calcul pour la compression et les données de sortie correspondant au Mode

out,f

et b,

co,f co,f co,f

3 peuvent étre modélisées comme ¢, = fyk RYR% (wk)%C : +Vr3 =bp/ wi, respectivement,

ou 'yk 0 'y,zolf, 'y,zogf € R, sont des nombres positifs. Ici, nous avons des contraintes supplémentaires

pour le ratio de compression sur le serveur de brouillard comme

wk c [ fmm7 fmaX] vk € K. (2'27)

Ensuite, la charge de calcul totale pour 'utilisateur k sur le serveur de brouillard devient é}; =
st (c;ﬂ + ck ) + s (e fy cze "), et le temps de calcul sur le serveur de brouillard est £ k= =/ fh
De plus, le temps de transmission engendré par le déchargement des données de l'utilisateur k£ du
serveur de brouillard vers le serveur de nuage peut étre réécrit comme tV; = (s‘,;bzm’u +s7 bZ“”) /dk.
Ensuite, le délai total pour terminer la tache de calcul de I'utilisateur k est donné par Ty, = 8+
tg’k + ffl’k + f;k + (s, + sP)T°, et le WEDC devient = S = = wy T, + wEfk Ensuite, la contrainte
est réécrite comme

Ty, < T2, (2.28)

Les versions étendues du probleme (P2) peuvent étre déclarées comme

(PSY) min

Qluk{sz‘,wfk}Un

st E <, (2.29a)

[224d), [2.24d), [2-244)— [2-243)), ([2-264)), (2-260), [2.27), (2.28).
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Algorithm 2.6. PLA-based Feasibility Verification for (Pg®)

: Initialize: L, n

: Compute f,z’rq and d for all k € B as in Step 1 and 2 of Algorithm

: Define ko = (d,;q — Ed)l/L, Vke B,l=0:L.

: Compute f,f:::?q (diy). If f;:;q(dkl) is unbounded then Remove point dj; end if.
: Compute Ay, By, and then solve (7?,':3\'7?7) to get optimal value CA?LP;%A* of (79,':3\'7?7).

. if @2";?* < Ffma then Return (PgY) is feasible, else Return (PgY) is infeasible end if

S Ot s W N

Pour résoudre le probléeme étendu, nous utilisons "'approche de solution générale présentée dans
la section précédente. Maintenant, nous présentons les méthodes de vérification de faisabilité pour

(5.
a) L’Algorithme basé sur I’Approximation Linéaire par Morceaux (PLA):

Aprés avoir déterminé f,"? et d;’, respectivement, nous déterminons les ressources de calcul de

brouillard requises pour un di € (0, d,::q) donnée en résolvant le probleme suivant:

P, min  ff
( dk) O Ufes]} k

s. t.osP =1, 229d), @24k, @-249)r — @240k, @-28)r, @27

Soit f,zi;]q(dk) la solution optimale de ce probléme, qui peut étre obtenue en utilisant les trans-
formations logarithmiques décrites dans la section Cependant, trouver une expression de
forme fermée pour f;z;q(dk) est intraitable. Par conséquent, nous proposons d’utiliser la méthode
PLA pour diviser le domaine d’origine en plusieurs petits segments tels que F,i:;]q(dk) peut étre

approximée par une fonction linéaire dans chaque segment.

Supposons que Uintervalle [eq, ' —€4] est divisé en segments L de taille égale, ol €4 est un trés
petit nombre par rapport a d,, par exemple, e = 1. Plus précisément, le segment [ correspond
a lintervalle [d,dy41], ot di; = (di'—€q)l/L est un point tel que f,iz;q(dk,l) et la valeur de la
fonction approchée a ce point sont égales. Ensuite, nous pouvons approximer f;::?q (d) comme
ﬁ;:;q (Vk, Uk) = S (g Agg + g Bry), ot Ay = <]:;£:;7q(dk,z+1) - F]z:;q(dk,l»/(dk,l—i-l —dgy),
Bry = Fyi(dig) — Agadis, Ve = {vpsl = 0,1,.,L =1}, Uy = {ugg,l = 0,1,..,L — 1}, et la

variable continue vy et la variable binaire uy,; satisfont aux contraintes suivantes:



Chapter 2. Résumé Long 67

L—1

sy =Y upy < 1,VkeB, (2.30)
1=0

ug iy < vgg < ug+1deg1, VREB, L = 0,1, ..., L—1. (2.31)

Ensuite, nous avons s di= ZIL:_OI vk,1. Par conséquent, le probleme (Pry ), qui est utilisé pour
déterminer le total minimal requis des ressources de calcul du brouillard pour tous les utilisateurs,

est modifié dans ce cas étendu comme suit:

. 5 A f,r ~f,r
(P,I:D\%;) HS})IH QEZA <Qg> = Z (ssz’ T+ fk:nq (Vi, Uk)>
3

keB
so o shstung € {0, 13, Yk, (2.32a)
L—-1
Sk s+ DLy wha = 1 (2.32D)
U dgg < Vg1 S Uk radr s Yk (2.32¢)
L—-1 rq
2 es (Zzo Ukt + ke ) < D™, (2.32d)

ou Qg = Uren (3‘;€U32UUkUVk> et contraintes ([2.32a)), (2.32b)), et ([2.32¢|)-(2.32d]) sont les contraintes
transformées des contraintes d’origine (2.26d)), (2.268), et (2.247)), respectivement. Ce probleme

transformé est un probleme MILP, qui peut étre résolu efficacement en utilisant le solveur CVX.
L’algorithme basé sur le PLA pour vérifier la faisabilité de (Pg®*) est résumé dans I’algorithme
qui peut étre intégré dans l’algorithme pour résoudre (P$). 11 est & noter que si la valeur
de f;:’;?q (di,) est illimitée pour un dj;, ce point irréalisable est supprimé lors de I’application de
I’algorithme basé sur PLA.

b) Approche de Solution en Deux Etapes (TSA)

Dans cette section, deux algorithmes en deux étapes sont développés en exploitant le fait que
la charge de calcul de décompression (et donc la consommation d’énergie associée) est presque in-
dépendante du ratio de compression. Cela implique que pour un 7 donné, les valeurs optimales f},
Wy, Pk, et p, pour l'utilisateur mobile k sont similaire pour s}; = 1l et sf = 1. Par conséquent, dans la

premieére étape, apres avoir résolu (Ps)x et (P4)k, Vk € B, nous pouvons définir ces variables a la so-
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lution optimale correspondante de (P3)y, notée TEds w,‘;’*l, ppl, et pzyl. Dans la deuxieme étape, nous
trouvons les variables restantes relatives au serveur de brouillard €4 = Ukeg{sz, 8%y sp s dis f,';, wi}

en résolvant le probléme suivant [T]

(PVA) min GESAQu) = 3 (sP A+ sfsi™)

keB
bout,f co,f de,u
s. t. s?( IZi + (e + ) < V0, (2.33a)
k fk
> (spdy + spdyy) < D™, (2.33b)

keB

(2.264)), (2.260), (2.27),

ol Vo = min{(n — 1) /wl, TP — Tp1} + (k1 + cge)/f,z’rq —T¢, et Zx 1 et T} 1 sont les valeurs
optimales de = et Ty dans (Ps3)y, respectivement. Parce que (PTSA) est un probléme MINLP
difficile, nous nous y attaquons en réduisant I’ensemble de variables en fonction des observations
suivantes.

Observation 1: Pour toute valeur de d; satisfaisante 2.33b , la solution optimale de f,i

co,f de,u
dans (PTSA) peut étre déterminé comme f,ﬁ* = skm% = spHo <wk,dk), ou Hop <w£,dk) =

,0

o Pz"fw s

~co,f co,f ~co,f co,f de,u
Vk70wkdk—b'£ ’

» Vi1 —’Vko’kaet Vie,3 —7k07k3 tc”

Observation 2: Lorsque s} = 1 et dj, > dk 1, la valeur optimale de wk, noté wk , est donnée

comme suit:
w’r:ax f, if ")/COF <0u {")/co f>0 dk 1<dy, < dk 2}

wifc* = inv (Hl (dk>>, 1ffymf >0, Jk,2<dk < Jkyg, (2.34)

w;mina f’}/COf > O)dk} > Jk‘,gwa

!'Nous notons qu’en réduisant le nombre de variables d’optimisation dans (PFT\???), la complexité des algorithmes
résultants pour la vérification de faisabilité de (PZ"*) est inférieure & celui de l'algorithme basé sur PLA.
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Algorithm 2.7. One-dimensional Search Based Feasibility Verification for (Pg®)
initialize: Ay, A =0, Assign (Pg®) is infeasible.
Define 7™ and d' for all k as in Step 2 and Step 3 of Algorithm
repeat ~
Assjgn A =X+ A,. Compute dj  as in 1} and solve (PQ&}ES)A to find Qg%-rs()\).
if GST5(\) < FFm* then
Return (Pg®) is feasible; break
end if
until A = \™

oll dk 1 =0/ (v Owk) dk 9= H1< e f), Jk73 =H; (wzm'">, et inv <7—[1 (dk)> est la valeur de w};
i
A &201%'"(7202%1)(%) +”715:éfbi1?

pour lequel H; (w£> est égal a d, et Hy (w£> = =7

Ty +1
co,f f
7k 1’/k 0Vk,2 | Wi

Ensuite, (P,;T\%]) est équivalent au probleme suivant::

(P,;r\%?]eq) min Z {skm”;’-[() (wz*,dk) +s ff rq}
U kep

s. t. (2.264), (2.26b), (2.330),

ot QU = Ures{s$, sh, sM, dp}. On peut vérifier que la valeur optimale de dj pour (PTSAeq), notée
dy, est donnée comme suit:
0, if st=1,
d=1d0 i s =1, (2.35)
fx
dk7,\ 787{0((5;’“ ) 4+ A =0 ,,sinon,
r di=d

ol A est le multiplicateur de contrainte de Lagrange ([2.33b)).
Observation 3: Le gradient 07-[0(0.;};*, dy)/0dy est une fonction monotone croissante de dy.

Avec Observation 3, nous pouvons conclure que pour un A donné, il existe au plus un valeur

de dj, satisfaisant OHo(w!*, di)/0dy + A = 0. Cela signifie que si le A optimal est connu, le probléeme

TSA N , , L ,
(Pey neq) peut étre résolu efficacement. Par conséquent, comme décrit ci-dessous, pour résoudre

TSA . , .o .
(PF\? neq), nous proposons deux algorithmes: 'un est basé sur la A-recherche unidimensionnelle, et

I’autre est basée sur mise a jour itérative de A.



70

bl) L’Algorithme en deux étapes basé sur la A-recherche une-dimensionnel (OSTS

Alg.) Pour un X donné, supposons que dj, ) satisfait 87—[0(wk ,dy)/0dy, + A = 0. En définis-
dp=dg

sant fi\ = 7—[0<wk ,dk> s Mk = Spy pea = 1 — 5, et ppy = sg(1 — x), nous pouvons

dr=dj x

trouver la solution optimale de Uiep{sS,, zk, d} en résolvant le probleme suivant:

PRI G = min Y [safin + sk i

UkeBSk,A
BTN Len

s. t. Zsk)\dk)\+( Sk/\ Sk)\>dk; <Dmax
keB

Skas s};)\ € {0,1},

ol 5\ = {82, Ao 521 1}~ Le probleme transformé ci-dessus est un probleme de programme linéaire en-
tier (ILP), qui peut étre résolu efficacement par CVX. Soit QOSTS( ) la valeur optimale de (77,9\2-',;5) A
alors nous pouvons trouver ’optimum de (PTSAeq) comme GgsnTS* = miny Gg%TS()\). De plus, on
peut montrer que lorsque nous augmentons A, tous dj  vont diminuer. Par conséquent, la valeur

maximale de A est \™®* satisfaisant ’Hg(wz, dj ymax) > f,Z’rq, Vk € Band ) cpdpmax < DT,

IN

Notez que nous pouvons arréter le processus de recherche lorsqu’il existe un A tel que Qg%-rs()\)

Ffmax - Torsque la recherche de bissection de 1 converge, nous pouvons trouver optimum A\* =

argmin, QOSTS()\), et les variables optimales si'™* = si\., 52* = s};)\*, s =1— s — sk , f =
i feae + SL,A*fk’ and di = s yodpa+ + (1 — sk’» — s\« )d}3, Yk € B. L’algorithme OSTS pour

la vérification de faisabilité de (Pg®) est résumé dans Algorithm

b2) Mise a Jour itérative de )\ basée sur un algorithme en deux étapes (IUTS

Alg.) Cette méthode peut résoudre (PTSAeq)

avec une tres faible complexité via les mises a jour du
dual lagrangien. Plus précisément, la fonction duale de (PTSAeq) peut étre définie comme G°(\) =

ming, L’(Q4, A), et le probleme dual peut étre défini comme

maxG°(A) st A0, (2.36)

Comme le probléme dual est toujours convexe, G°(\) peut étre maximisé en utilisant la méthode

du sous-gradient dans laquelle la variable dual A est mise a jour de maniere itérative comme suit:
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keB
b, représente la taille du déplacement, et [a]t est défini comme max(0,a). La méthode du sous-

+
An = lAn—l + (5n( > (3121,/\n_1d’€7>\n—1 + si)\n_ld;q) —Dmaxﬂ , ol n désigne le numéro d’itération,

gradient est garantie de converger vers la valeur optimale de A pour un point initial initial {24 si la
taille du déplacement, d,, est choisie de maniére appropriée, par exemple, §, — 0 lorsque n — oo,
qui est respectée par en définissant d,, = 1/y/n. Pour un )\, donné, nous pouvons déterminer la
variable primaire dy, y, = inv(H2(\,)) . Pour X\, et dj », donné, le probleme primal devient un
programme linéaire dans sy, »,, Vk € B, qui peut étre résolu efficacement en utilisant des techniques
d’optimisation linéaire standard. De plus, les sommets de ce probleme sont les points ou les sz" A
s};)\n, et 827)\71 sont soit 0 soit 1. Ainsi, résoudre le probléme relaxé renverra également des valeurs

binaires 0 ou 1.

Cependant, étant donné les valeurs 0 ou 1 des variables 3,2“7 Ay 527 A, la décision sur I’emplacement
d’exécution de l'application (brouillard ou nuage) peut étre bloquée dans une solution optimale
locale de sorte que les ressources de calcul de brouillard requises ne peuvent pas étre mises a
jour pour améliorer la solution. Pour surmonter ce probléme critique, la méthode du gradi-
ent projeté peut étre adoptée pour mettre a jour lentement les variables sj) S};An, et g\,
comme s,(inﬂ) = Pg, (s,(cn) - 5Vs,(€n)), oll s,(cn) = [s,’;")\n,sg)\n,sz’)\n], § est la taille du déplace-
ment, Vs,(cn) = [Ho(wli*,dk)\n) + )\ndky,\n,)\nf;’rq,)\nd;cq] et Py, (.) est la projection sur I’ensemble
P, = {sk|sk >0, 527)% + si,)\n + s,T’)\n < 1}. Enfin, on peut vérifier que ce mécanisme itératif con-

verge toujours [30].

2.2.2.4 Résultats Numériques

Nous considérons un systéme informatique de brouillard-nuage hiérarchique composé de K = 10
utilisateurs répartis au hasard dans la zone de couverture cellulaire avec un rayon de 800 m et la BS
est située au centre de la cellule. En particulier, 'affaiblissement de propagation est calculé comme
Br(dB) = 128.1+37.6 log((disty), ou disty, est la distance géographique entre 'utilisateur & et le BS
(‘en km) [27]. Nous avons en outre défini le gain de formation de faisceau comme My = 5, la bande
passante de transmission maximale comme pi'®* = 1 MHz et la densité de puissance de bruit comme
ops = 1.381 x 10723 x 290 x 10%Y W/Hz [31]. Tous les utilisateurs sont supposés avoir la méme
max

vitesse d’horloge maximale de 2,4 GHz, une puissance d’émission maximale de p/®™ = 0.22 W et

la consommation électrique du circuit par Hz est définie comme py o = 22 nW/Hz. Nous supposons
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que le nombre de bits de transmission nécessaires pour prendre en charge le déchargement de calcul
ik” est le méme pour tous les utilisateurs. De plus, les demandes de calcul des 10 utilisateurs
{c1,¢9,...,c9,c10} sont définies de maniére aléatoire dans la plage 1.8 — 2.4 Gceycles tandis que le
délai maximal est 7" = 1 seconde, la charge non déchargeable est c;o = 0.1c, et la charge

déchargeable est ci 1 = 0.9¢; pour tous les utilisateurs.

Nous avons également défini le coefficient d’énergie comme aj = 0.1 x 10727 et le temps de
calcul sur le serveur de nuage comme T° = T;"® /5. Pour 'algorithme de compression de données,
nous définissons 7§ = 0.03 x 2.6%228, yfe) = 3228, 4% = 0.3, 7§ = 0.115, 75, = —0.9179,
’y,‘i% = 0.046, Vk, w;;’mi" = 2.3, et w™™ = 2.9. Les poids d’énergie et de délai sont choisis de telle
sorte que w,E +wg = 1,Vk. Les résultats de la simulation sont obtenus en faisant la moyenne de plus
de 100 réalisations des emplacements aléatoires des utilisateurs. Enfin, pour toutes les figures, nous
définissons la taille des données brutes comme bg‘ = 4 Mbits (sauf pour la Fig. , w,E = 2w,;r, vk,
la ressource de calcul de brouillard maximale en FF™2* = 15 GHz, la capacité d’amenée maximale
en D™ = 20 Mbps et k = 50 (sauf pour les Figs. ou k capture la relation entre Vo I et
la taille des données brutes est v o = mb}g [32]. En pratique, un serveur de brouillard peut prendre
en charge des algorithmes de compression de données plus puissants que ceux des utilisateurs. Cela
implique que le ratio de compression du serveur de brouillard est beaucoup plus élevé que celui
des utilisateurs. Par conséquent, lorsque le serveur de brouillard décompresse et recompresse les
données, nous définissons les parameétres comme suit: 7,2?1"( = 0.076,7,(;?2’f = 0.7116,’)/,‘;):;f = 0.5794,

w,fc’mi" =34, et w;max = 11.2. La taille du déplacement, est définie comme 5=0.1.

Dans la Fig. nous montrons les avantages significatifs de la compression de données pour
le déchargement de calcul ot le WEDC min-max (appelé WEDC pour plus de concision) vs bi,: est
tracé pour six schémas différents: le schéma ‘Local-execution’ dans lequel toutes les applications
des utilisateurs sont exécutées localement; 1‘Alg. in [I5] (w/o Comp)’ dans lequel I'algorithme de
référence dans [I5] est utilisé avec wy = 1, VEk et pas de compression de données; le ‘JCORA Alg. w/o
Comp’ dans lequel I'algorithme JCORA est utilisé avec wj, = 1, Vk; et pas de compression de données
(les autres variables sont optimisées comme dans ’algorithme JCORA); et trois autres instances de
I’algorithme JCORA avec la compression de données et trois valeurs différentes de x = 50, 100, 200
(K =750/ bin). Pour garantir une comparaison équitable entre les ‘Alg. in [I5] (w/o Comp)’ et nos
schémas, nous appliquons également MIMO et optimisons la décision de déchargement et ’allocation

des ressources de calcul du brouillard, la puissance de transmission, la bande passante, et la vitesse
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Figure 2.3 — Min-max WEDC vs. b.
d’horloge du processeur local pour 1‘Alg. in [I5] (w/o Comp)’. De plus, pour la variable restante
dy, nous allouons la capacité d’amenée également aux utilisateurs qui déchargent leurs taches sur

le serveur de nuage.

Comme on peut le voir sur la Fig. [2.3] le déchargement des calculs peut grandement améliorer
le WEDC lorsque les ressources radio et calcul sont suffisantes pour prendre en charge le décharge-
ment (par exemple, la quantité de données requise n’est pas trop importante). Plus précisément,
le déchargement de calcul méme sans de compression de données peut entrainer une réduction sig-
nificative du WEDC par rapport a 'exécution locale, en particulier lorsque la quantité de données
encourues bik” est petite, de sorte que les ressources radio limitées ne limitent pas performance. De
plus, méme sans exploiter la compression des données, notre proposition (JCORA Alg. w/o Comp)
donne de bien meilleures performances que 1’algorithme proposé dans [15]. En effet, notre concep-
tion proposée optimise conjointement les décisions de déchargement et 1’allocation des ressources
informatiques et radio, tandis que dans [I5], les décisions de déchargement se trouvent presque
indépendantes de l’allocation des ressources de calcul et radio. En particulier, la technique de re-
laxation semi-définie utilisée dans [I5] peut ne pas toujours garantir la condition de rang-1 pour
la matrice optimisée. L’optimisation conjointe de la compression de données, du déchargement des
calculs, et de 'allocation des ressources peut conduire a une réduction du WEDC pour une plus

grande plage de bik“ (par exemple, lorsque ',;‘ = 2,4 Mbps, le WEDC min-max est réduit jusqu’a 65
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% ). Cependant, 1'énergie et le temps consommés pour la (dé) compression affectent également le
WEDC min-max réalisable, et leur impact a tendance a devenir plus fort pour les plus grands v;;

et lorsque le les ressources radio disponibles sont plus limitées.

Pour évaluer les performances du systéeme lorsque la compression de données est effectué a la fois
par les utilisateurs mobiles et par le serveur de brouillard, nous considérons le paramétrage suivant:
7,270 = Vo F fimax — 15 GHz, et D™ = 20 Mbps. Les avantages de la recompression des données
dans le brouillard sont illustrés a la Fig. ol nous tracons le WEDC min-max en fonction de

ik” pour quatre schémas différents: le ‘JCORA Alg. w Schéma Comp ’dans lequel les données sont
compressées uniquement par les utilisateurs tandis que les trois schémas restants correspondent aux
algorithmes proposés pour le cas étendu. En particulier, les labels ‘9-pt PLA Alg. w Fog Comp’,
‘OSTS Alg. w Fog Comp’, et ‘IUTS Alg. w Fog Comp’ correspondent aux algorithmes PLA, OSTS,
et IUTS a 9 points, respectivement, qui effectuent la compression a la fois pour les utilisateurs et
le serveur de brouillard. Pour 'k” = 4 Mbits, une réduction WEDC min-max supplémentaire de 35
% peut étre obtenue en effectuant un compression de données sur les utilisateurs et le serveur de
brouillard. De plus, les ressources radio requises diminuent avec la diminution de bik”; par conséquent,
le gain est réduit en raison de la baisse de la demande de transmission de données. Lorsque bi,?
augmente, le principal goulot d’étranglement pour le déchargement des calculs sont les ressources
radio limitées disponibles pour prendre en charge les transmissions de données entre les utilisateurs
et le serveur de brouillard; par conséquent, le gain di a la recompression des données sur le serveur
de brouillard devient moins important. Ce chiffre confirme également que les schémas ‘9-pt PLA’,

‘OSTS’, et ‘IUTS’ atteignent presque le méme WEDC min-max.

2.2.3 Planification sans Fil de Services Hétérogenes avec Numérologie Mixte

dans les Réseaux sans Fil 5G

Les principales contributions de ce travail de recherche peuvent étre résumées comme suit:

e Nous étudions le probléme de planification de services hétérogenes a numérologie mixte qui
vise a maximiser le nombre d’utilisateurs admis tout en répondant aux exigences de latence

des services et de transmission de données.
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1H JCORA Alg. w Comp ‘
—}—IUTS Alg. w Fog Comp
0.9 /—©—OSTS Alg. w Fog Comp
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Min-max WEDC
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Figure 2.4 — Min-max WEDC in general design scenario.
e Nous proposons deux algorithmes, nommés algorithme basé sur le partitionnement des ressources
(RPA) et algorithme gourmand itératif (IGA), pour acquérir des solutions efficaces de plani-

fication des ressources.

2.2.3.1 Modele de Systeme

Nous considérons le systeme 5G ou la ressource temps-fréquence disponible est divisée en éléments
de ressource (RE). Chaque RE occupe la bande passante de Af .. (Hz) et la durée du slot de Af;,
(secondes). Les conditions de liaison/canal pour chaque sous-porteuse sont supposées inchangées
pendant le temps de planification. De plus, nous supposons que l’allocation des ressources est
effectuée sur chaque intervalle de planification de "= N*Al . (secondes) et la bande passante de
Bf = MfAf . (Hz). Considérant le probléeme de planification pour les utilisateurs ot la BS prend en
charge plusieurs numérologies. La bande passante d’'un PRB en numérologie [ est définie comme A‘lc
et la durée du slot d’un PRB en numérologie [ est définie comme Af ot At = At /20 Af = 2AF
At = min{ALVI}, et Af . = min{Af vI}. Pour des raisons de commodité, la numérologie
utilisée par l'utilisateur k est désignée par li, I’ensemble de tous les utilisateurs est indiqué par

KC, I'ensemble des numérologies est indiqué par L, lmax = max{l € L}, Inin = min{l € L}, et

L = lmax — lmin et les cardinaux de l'ensemble £ sont désignés par |L£|. Chaque utilisateur k
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nécessite qu'un bloc de données de dj bits soit entiérement transmis et le temps d’attente total

pour sa transmission de données ne doit pas étre supérieur a 7;"*. Nous utilisons (¢, j) pour faire
référence 4 un RE particulier ol son emplacement est donné comme f € [(i — 1)Af . iAf ) and

te[(— DAL JAT

min

), for1<i< Mfand1<j <Nt

min

2.2.3.2 Formulation du Probléme

Les PRB sont attribués aux utilisateurs dont la numérologie est sélectionnée a ’avance par chaque
utilisateur. De plus, chaque RE est allouée a un seul utilisateur et associée a une numérologie.
Nous représentons la correspondance d’'un PRB particulier de numérologie [ aux RE dans 1’espace

de ressources fréquence-temps 2D comme suit:
Q= {0, 5)Im < i <m+ Myn <j<n+ N}, (2.37)

ot M; = 2i=tmin_1 N; = 2ma—l_] en supposant que le nombre de PRB attribués a I'utilisateur
k n’est pas supérieur a Cj pour maintenir une certaine équité entre les utilisateurs. Ensuite, nous
introduisons les variables binaires xz J ) ym ,, ol ym n = 1siq ., correspond au ™™ PRB affecté de

I'utilisateur £ et yk ¢, = 0 sinon; al ]C = 15si RE (4,7) est affecté a I'utilisateur k dans son c** PRB

et k; = 0 sinon. Pour k€K, les plages de ¢,i,5,m et nsont c=1:Cy, i =1: M, j=1:N*,
m=1: M- My,etn=1:N t_ N;,., respectivement. Nous imposons les contraintes suivantes

pour garantir une allocation des ressources sans chevauchement:

k?
Z Z in’;" > 2Ly1]§17?n7 \V/k', ¢,m,n, (238&)
'L/:m:m+Mlk j/:n:nJerk

Zkelcz a: F<1,Vi,j, and Z Z y’;fngl VE,c. (2.38b)

Soit r’ﬁ%n le débit de transmission de l'utilisateur k& sur PRB ¢, ,,,. Ensuite, la quantité

totale de données transmises par l'utilisateur k& pendant l'intervalle de planification est d, =
Mf M Nt N

AVAD LD Zc_l . nymn Chaque utilisateur k souhaite que son bloc de données soit

max

enticrement transmis et que le temps d’attente total ne soit pas supérieur a 77 Soit 710 le

temps d’attente initial (du bloc de données) de l'utilisateur £k € K au début de lintervalle de
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planification considéré. E| Ensuite, le temps d’attente total jusqu’a l'instant de transmission de
I'utilisateur k peut étre écrit comme 73 = 740 + 75,1, OU 7,1 est le temps d’attente supplémentaire
avant que l'utilisateur & ne soit servi dans I'intervalle de planification, qui peut étre exprimé comme

Te1 = Al min{j—1 | :L'i”jCZI,VZ,],C}.

Notre conception vise & planifier autant d’utilisateurs que possible tout en répondant a leurs
exigences de demande de données et de latence. Rappelons que 'utilisateur k souhaite transmettre
un bloc de données de d,:;q bits avec le temps d’attente total pas plus grand que 7"®*. Pour maintenir
ces contraintes, nous définissons une fonction de capture si les deux contraintes sont satisfaites par
uy = ]ldk—d;f ]lT,TaX—Tkv ou 1, représente la fonction step, c’est-a-dire 1, = 1six > 0 et 1, = 0,
sinon. En fait, si une solution d’ordonnancement garantit que la quantité de données transmises et
le temps d’attente total satisfont dj > dk and 7, < 7"%, respectivement, nous avons uj = 1; sinon,

ur = 0. Ensuite, le probleme de planification peut étre formulé comme

(P1) max ZkeK uy s.t. (2.38d)), (2.38Y), and =,y € {0,1},

wherew:{w ‘| Vi, g, k,c} and y = {ykS, | Vk, c,m, n}.

Soit z&:¢ = upykic,, Vk, ¢,m,n, (P1) peut étre transformé en formulaire ILP comme

(PI*")  max >

m7y7z7u6{071} kGK

st (@35, @35,
Z YooYkt —w >0, vk K, (2.39)

n/=1:N" ¢

ZZZTM ke _ud9>0, VkeK, (2.39h)

= uk+ykc -1, ch < mln{uk,ymn} Vk,c,m,n, (2.39¢)
ou z = {me mn[ Vk,c,m,n} et uw = {ul,u| Vk}. Ici, N;* représente le nombre maximal

d’intervalles de temps (avec une taille de At

min secondes) que 'utilisateur k peut attendre, en comp-

2Ce temps d’attente initial est appliqué au premier bloc d’un nouveau flux de données lorsque le flux de données
arrive au milieu de 'intervalle de planification précédent.
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Algorithm 2.8. Resource Partitioning based Algorithm (RPA)

1: Initialize: Set initial value for Mpg.

2: Partition resources into Mp sub-bands and distribute users into these sub-bands as in Sec-
tion [2.2.3.3

3: Step 1: Solve (P} ) to obtain upt* for all mg, k € K-

4: Step 2: Solve (P,,) to create a contiguous region of unallocated resources between two con-
secutive sub-bands while still satisfying the requirements of admitted users, i.e., users with
upt* =1, Vk.

5. Step 3: Solve (Prpa) to assign unallocated resources to un-admitted users, i.e., users with
upt* =0, Vk.

Algorithm 2.9. Tterative Greedy Algorithm (IGA)

1: Initialize: dijy = d},cx = 0, Wpn = 1, W = 10.

repeat
Compute U, 1 find the largest value of Uy, ng ke, and perform the corresponding PRB
allocation. N

4:  Update different parameters after the PRB allocation as ¢, = ¢, + 1, asign ywﬁocﬁg =1,

update the remaining required data d,:i'o = d;:fo -k Aj,and Wiy n = W, ¥n =1: N*-.
: Drop all overlapped PRBs q;, ,,,, to PRB q,,
6: until U, ,, . = 0,Vm,n, k

W »

mo,n0

tant & partir de le début de 'intervalle de planification, pour respecter sa contrainte de délai qui

est déterminée comme N;* = [ (7" — 73,)) /AL, |, ot |.] est la partie entiére.

2.2.3.3 Algorithmes Proposés

a) Algorithme basé sur le Partitionnement des Ressources (RPA)

Nous proposons un algorithme de faible complexité qui résout (P{LP) en le décomposant en
sous-problemes paralleles & petite échelle. Nous divisons d’abord la bande passante disponible en
Mg sous-bandes ou la sous-bande mg occupe le spectre de

(mg — )| M /Mg|Af & min{mg| M /Mg|Af . MAf 1

min min>»

Ensuite, les trois étapes suivantes sont suivies dans RPA: 1) effectuer 'allocation des ressources sur
chaque sous-bande, 2) réorganiser les ressources non allouées pour les sous-bandes consécutives, et

3) affecter ces ressources réorganisées pour en prendre en charge plus d’utilisateurs.

Les étapes clés de RPA sont résumées dans Algorithm Dans Step 1, nous distribuons

aléatoirement les utilisateurs en sous-bandes pour rendre les demandes de ressources sur différentes
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sous-bandes similaires. Dénoter I’ensemble des utilisateurs associés a la sous-bande mg comme /C,,,;,
et 'ensemble des RE dans la dimension de fréquence comme Z,,; = {m|m = (mg — 1)|M"/Mz] :
min{mg | M /Mg|, Mf}}. Onrésout alors (PI-F) correspondant & chaque sous-bande mg et I’ensemble

Slx

d’utilisateurs KC,,,; pour obtenir les décisions d’admission, notées up**. Le sous-probléme de la sous-

bande mpg est nommé (77{"7'28). Dans Step 2, aprés avoir trouvé les ug™*

, nous réarrangons les
ressources allouées afin que les RE non alloués de deux sous-bandes consécutives puissent étre dis-
posés a proximité I'un de 'autre et ils peuvent étre combinés et mappés dans des PRB d’une certaine
numérologie comme défini dans . Le réarrangement des RE non alloués sur la sous-bande mpg

peut étre obtenu en résolvant le probléme suivant:

(Pmg)  min > S 3> Wiy

22 C00} e i€Tmg J=1NT- Ny, e=1:C
st up=udl*, (2.33d), (2-380), (2:39d), (2-390), YKEK g, i€Tmq,

ot {W;} est une série croissante, par exemple, W;=2 si I'indice de sous-bande est impair et {W;}
est une série décroissante, par exemple, W;=2""? si I'indice de sous-bande est pair. On peut vérifier
qu’apres avoir résolu (Pp,), tous les RE non alloués dans deux sous-bandes consécutives seront
poussés I'un pres de I'autre pour créer une région de ressources contigués aussi grande que possible.
Soit {m;}mB,y%mB,z;mB} désigne la solution optimale de (Png). Dans Etape 3, nous affectons
les ressources non allouées, Q = {(i, j)\az};ms = 0,Vmg}, a 'ensemble des utilisateurs non admis

K = {k|u3¥* = 0}en résolvant le probléeme suivant (Prpa):

. (2.384)), (2.38Y)), (2.394)), (2.390), VkeK, (i, ).
oo 2o PO ‘ )

b) Iterative Greedy Algorithm (IGA) - Algorithme gourmand itératif

Nous proposons un autre algorithme itératif rapide dans lequel nous attribuons avidement
des ressources aux utilisateurs en fonction d’un poids d’affectation qui dépend des exigences de
I'utilisateur sous-jacent, de la quantité de données transmises et de la latence obtenue si le PRB sous-
jacent est attribué a l'utilisateur. Dans chaque itération, nous calculons le poids d’affectation pour
chaque paire d'un PRB disponible et un utilisateur sur la base duquel I'affectation des ressources

est effectuée pour la paire d’utilisateur PRB atteignant le poids le plus élevé. Apres cela, les PRB
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disponibles et les poids de toutes les paires d’utilisateurs PRB possibles sont mis & jour pour pré-
parer une nouvelle affectation de ressources dans la prochaine itération. Ce processus est répété
jusqu’a ce qu’il n’y ait plus de PRB disponible ou d’utilisateur insatisfait. Nous définissons main-
tenant le poids d’affectation des ressources pour une paire particuliere PRB-utilisateur-ressource

k t
TRl nog W e < O d® > 0, and UE . = 0, si LA est
7o N Lneni, Winn if ¢ < O, diy , and Uy, , = 0, sinon, ol d;; es

comme suit: Z/{,]f%n =
la quantité de données requise restant dans chaque itération, qui est égal a d,';q dans la premiere
itération, ¢y est le total actuel des PRB attribués a 'utilisateur k et N} est ’ensemble des RE dans
le domaine temporel, qui est défini comme N}, = {n|n < N} if Zg:’;ql Z%:Mlk Sk yke =0,
et N = {njn < N'} sinon, et Wy, est une matrice utilisée pour atténuer la fragmentation des
ressources dans le processus d’allocation, qui est mis a jour a chaque itération. La matrice unitaire

est initialement affectée a Wy, .

En particulier, Z/{,"ﬁm est choisi en fonction des criteres suivants: 1) Les utilisateurs avec un bloc
de données requis plus petit recoivent des priorités de planification plus élevées; 2) Si un utilisateur
n’est pas encore admis, un PRB a I’emplacement temporel le plus proche de la tranche correspon-
dant au temps d’attente maximum autorisé est plus prioritaire; 3) les utilisateurs admis se voient
allouer des ressources jusqu’a ce que leurs besoins soient entierement satisfaits; et 4) la fragmenta-
tion des ressources est empéchée pour faciliter les allocations futures du PRB. L'IGA est résumé
dans Algorithm Dans chaque itération d’'IGA, nous devons calculer les poids d’affectation
des ressources Uy, n . pour tous les m,n,k disponibles, déterminer le plus grand Uy, nok, POUr
effectuer une RA, mettre a jour différents parametres et déposer tous les PRB superposés dans
le bloc affecté. La complexité la plus défavorable de chaque itération est O(MfN'K). Soit Nter
le nombre d’itérations, qui est délimité par MFN YIL|, le pire des cas la complexité de I'IGA est

O(Nter MfN|L|K).

2.2.3.4 Résultats Numériques

Nous considérons un systeme sans fil avec des piétons et des utilisateurs tres mobiles dans une cellule
d’un rayon de 500 metres. L’affaiblissement de propagation de canal fj (dB) = 128.1+37.6 logo(7Vx)
ou i est la distance entre I'utilisateur k et le BS (en km). Pour les évanouissements de canaux
a petite échelle, les parametres du canal piéton B de I'ITU avec un décalage Doppler de 50 Hz

et les parametres du canal Véhicule-A de 'ITU avec un décalage Doppler de 500 Hz sont utilisés
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Figure 2.5 — Comparison of RPA and IGA with the optimum on the relative gap
respectivement pour les utilisateurs piétons et les utilisateurs en mouvement. Nous avons défini trois
groupes d’utilisateurs A, B et C et le nombre d’utilisateurs dans ce groupe est |K/3], [K/3] et
K—2|K/3|, respectivement. Plus précisément, le groupe A adopte la numérologie 0 correspondant
aux utilisateurs en mouvement élevé avec une grande demande de données, le groupe C utilise la
numérologie 2 correspondant aux utilisateurs en mouvement élevé nécessitant un temps d’attente
faible, et le groupe B utilise la numérologie 1 correspondant aux utilisateurs piétons ayant des

exigences moyennes sur les données de transmission et temps d’attente.

Le débit de transmission est calculé en fonction de la capacité de Shannon ou le rapport de la
puissance de transmission par Hz & la densité de puissance de bruit est fixé & 2.8 x 10°. Les blocs de
données requis d; sur l'intervalle T’ de 1 ms pour les utilisateurs des groupes A, B et C sont définis
de maniére aléatoire dans [500 —2000] (bits), [500 —1000] (bits) et [180—500] (bits), respectivement,
et Cj est défini égal & 10. De plus, N;* défini dans la proposition 1 est défini égal & 8 pour les
utilisateurs du groupe A et au hasard dans [3-6] et [1-4] pour les utilisateurs des groupes B et C,
respectivement. Tous les résultats numériques sont obtenus en faisant la moyenne des résultats sur

50 réalisations aléatoires.

Nous montrons I’écart relatif dans la Fig. qui est calculé comme (3, ug’ — >k u,SPA/ IGA) X
100%/ > ug for Mf = 32 et K = 20 ou UEPA/IGA/LPJFLDB] et u,%‘ représentent les valeurs de la

fonction objectif pour 'utilisateur k obtenues en utilisant RPA /IGA/LP+LD[4] et le solveur CVX-

Gurobi, respectivement. La Fig. montre le rapport entre le temps d’exécution moyen (ET) du
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Figure 2.6 — Comparison of RPA and IGA with the optimum on the execution time

RPA / IGA et celui requis pour résoudre (PJ-F) par le solveur CVX-Gurobi (ET-G). Nous avons
choisi ug comme solution référencée car ’écart relatif entre la solution optimale réelle et la solution
renvoyée par le solveur Gurobi est inférieur & 10~* par défaut. L’algorithme “LP + LD” proposé
dans [4] comprend deux boucles: une boucle externe pour attribuer des PRB aux utilisateurs en
fonction de la matrice d’utilité pour toutes les paires d’utilisateurs PRB, et une boucle interne pour

déterminer la matrice d’utilité. Plus précisément, la matrice d’utilité est déterminée en considérant

la relaxation de programmation linéaire (LP) et le probleme lagrangien dual (LD).

En fait, 'algorithme “LP + LD” obtient sa solution en s’attaquant au probléme duale ILP ou
on ne peut garantir qu’il n’y aura pas de saut de dualité. La figure montre que nos algorithmes
surpassent l'algorithme “LP + LD”. De plus, comme le montre cette figure, ’écart relatif di au RPA
augmente lorsque le nombre de sous-bandes Mg augmente. En effet, une plus grande somme de Mg
réduit la flexibilité d’allocation de resources dans chaque sous-bande et donc l'efficacité d’utilisation
des ressources. Cependant, le temps d’exécution du RPA peut étre considérablement réduit lorsque
Mpg devient plus grand. En revanche, IGA explore toujours de bonnes paires ressources-utilisateurs

pour une utilisation efficace des ressources et IGA n’est pas affecté par Mpg.
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2.3 Remarques Finales

Dans cette these de doctorat, nous avons développé diverses nouvelles techniques de gestion des
ressources et algorithmes pour les systemes exploitant 5G NR et MEC. En particulier, nous avons
apporté trois contributions importantes a la recherche. Premierement, nous avons développé des
algorithmes de décision d’allocation et de déchargement des ressources écoénergétiques pour MEC,
qui fonctionnent bien mieux que les autres stratégies de calcul locales conventionnelles en termes
d’économie d’énergie et d’équité. Ensuite, nous avons proposé une énergie pondérée efficace et
un coit de délai général pour les systemes informatiques de brouillard-nuage hiérarchiques via la
compression des données, la décision de déchargement et ’allocation des ressources conjointe. Les
conceptions proposées surpassent considérablement les autres conceptions de pointe de la littérature.
Enfin, nous étudions le probléme de plainification de services hétérogenes a numérologie mixte qui
vise & maximiser le nombre d’utilisateurs admis tout en répondant aux exigences de latence de service
et de transmission de données et démontrons efficacité des algorithmes proposés pour déterminer

les solutions.






Chapter 3

Introduction

3.1 Background and Motivation

The research on the fifth-generation (5G) and beyond wireless cellular networks has been driven by
the need to support the mobile traffic explosion and the rapidly increasing number of wireless com-
munications, including both human-based and Internet-of-Things (IoT) connections. Specifically,
it is predicted that tens of billions of wireless devices, from low-cost IoT to smartphones, tablets,
virtual reality headsets, and cars will be connected to wireless networks over the next few years [2].
The communication demand on different kinds of mobile devices in vertical domains including the
smart factory, smart vehicles, smart grid, smart city is more and more sophisticated. Thus, future
wireless networks must provide different communication services with different QoS requirements.
In particular, International Telecommunication Union (ITU) classifies 5G mobile network services
into three categories: enhanced Mobile Broadband (eMBB), massive Machine Type Communica-
tions (mMTC), and ultra-Reliable and Low Latency Communications (uRLLC). In general, eMBB
refers to bandwidth-hungry services, such as high-definition video and virtual/augmented reality
(VR/AR) streamings. As such, mMTC is suitable in scenarios with dense connectivity, such as
smart cities and smart farming. This is in distinction to uRLLC, which is aimed at supporting
the time-sensitive networking and mission-critical services, such as automatic/assisted driving and
remote control. To provide these services, a new frame structure has been defined in 5G New Radio
(NR). By allowing the flexible numerology, the Transmission Time Interval (TTI) and frame-size can

be flexibly configured to fit with the service demands [3]. Some early works [4-6] on the scheduling
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and resource allocation with 5G NR frame structure show a promising way to enhance the future

system performance.

Besides, an important aspect of 5G wireless network is the application’s view. Indeed, with
recent breakthroughs in artificial intelligence (AI), new emerging applications enabling new ways of
interactions among things and humans have been created to enhance the quality of life. Many of
them are compute-intensive applications such as e-health, object recognition/detection/monitoring.
When only communications-related issues are concerned in network design and management, it is
impossible to enable these compute-intensive applications on many different kinds of devices, espe-
cially low-cost IoT devices. Therefore, 5G wireless networks must support not only communication,
but also computation, control, and content delivery (4C) functions. Mobile Edge Computing (MEC)
has been recently proposed as an important technology in 5G wireless networks to enable a variety
of new compute-intensive applications even on low-cost IoT devices. In general, MEC is a network
architecture concept defined by ETSI [20], that enables cloud computing capabilities and an IT
service environment at the edge of the cellular network. Different design aspects of MEC, such as
task partitioning and resource allocation, have been investigated in both academic and industry
communities to enable them and support future system scenarios and applications [21, 22]. One
typical network architecture for the 5G wireless system is shown in Fig. [3.1} which employs vari-
ous enabling technologies and novel network architectures for efficient support of various wireless

applications.

3.1.1 From Mobile Cloud to Mobile Edge Computing and its Variants

In general, mobile edge/cloud computing (MEC/MCC) technologies enable enhancing the mobile
usability and prolonging the mobile battery life by offloading computation-intensive applications to
a remote fog/cloud server [7H9]. In an MCC system, enormous computing resources are available
in the core network, but the limited backhaul capacity can induce significant delay for the under-
lying applications. In contrast, an MEC system, with computing resources being deployed at the
network edge in close proximity to the mobile devices, can enable computation offloading and meet
demanding application requirements [10]. Hierarchical fog-cloud computing systems which leverage
the advantages of both MCC and MEC can further enhance the system performance [ITHI5] where

fog servers deployed at the network edge can operate collaboratively with the more powerful cloud
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Figure 3.1 — 5G system exploiting edge/cloud computing and New radio technology.
servers to execute computation-intensive user applications. Specifically, when the users’ applica-
tions require high computing power or low latency, their computation tasks can be offloaded and
processed at the fog and/or remote cloud servers. The potential scenarios and applications of MEC

and its variants are still being discussed for 5G and beyond systems.

Due to the need for data exchange incurred in the offloading process, the wireless transmis-
sion plays an integral role in the computational offloading system [I6]. Therefore, to efficiently
utilize MEC power, one needs to develop efficient designs for joint management of both wire-
less and computing resources. Moreover, advanced communications technologies such as massive
MIMO, heterogeneous network (HetNet), and device-to-device (D2D), which allow enhancing the
spectral efficiency will be employed in MEC and its variants. Accordingly, the joint management
of two different kinds of resources becomes very challenging. Specifically, different from the gen-
eral wireless networks, the energy and time delay in MEC and its variants are related not only to
wireless transmission but also to computation factors. They are complicated functions of different

parameters and factors such as bandwidth, transmit power, CPU clock speed, execution location.
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Effective management and optimization of these parameters in two different kinds of resources is a
very challenging problem[17], and still requires significantly more concerted effort from the wireless

community [I8, [19].

3.1.2 Wireless Communication Services Enabled by 5G New Radio

5G NR is an entirely new air interface being developed for 5G to support a wide variety of services
and devices. This part will briefly introduce a new concept in 5G NR, named numerology. Note that
numerology is a term which is used to define the grid of discrete resources in the continuous time-
frequency plane. A critical feature in 5G NR is the utilization of carrier frequency from sub-1 GHz
up to 52.6 GHz, as defined in the 3rd Generation Partnership Project (3GPP) Release 15. However,
the channel propagation properties of low and high frequency bands are very different. In particular,
the low frequency band is strongly affected by the delay spread intensive environments while the
low frequency band is strongly influenced by the phase noise [23]. Accordingly, a single numerology
applied for a wide range of frequencies becomes inefficient or even impossible. Comparing to LTE
numerology, 5G NR supports multiple types of subcarrier spacing based on a baseline subcarrier
spacing of 15 kHz [24]. In particular, 5G NR defines five distinct OFDM numerologies which is
parameterized as p, p = 0,1,2,3,4 as given in Table The numerology p has the subcarrier
bandwidth of 2¥* x 15 kHz and the slot duration of 27# milliseconds. In numerology p = 0, the
time-frequency grid is the same with LTE, 5G NR can be coexistence with LTE and the LTE-based
NB-IoT on the same subcarrier. For the lower frequency bands with narrow subcarrier spacing,
numerologies 0, 1, and 2 are used to counter the delay spread intensive environments. For the higher
frequency bands, using numerology 2, 3, and 4 with wide subcarrier spacing can make the system
robust to the phase noise, and can support low latency services efficiently [24]. The introduction
of different numerologies provides the flexibility for various services in the same system. It also
introduces new challenges when multiplexing different numerologies in the same time-frequency
space. Due to the different time-frequency grid, the wireless scheduling for heterogeneous services
with mixed numerology in the 5G wireless networks becomes an important problem to improve the

system performance.

Computation and radio resource management for MEC systems and wireless scheduling for

heterogeneous services considering NR mixed numerology are research problems considered in the
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Numerology u
Parameters 0 1 5 3 1
Subcarrier spacing (kHz) 15 30 60 120 240
Slot duration (ms) 1 0.5 | 0.25 | 0.125 | 0.0625
OFDM symbol duration (us) | 66.67 | 33.33 | 16.67 | 8.33 | 4.17

Table 3.1 — Numerology structure in 5G
dissertation. To this end, we consider three fundamental design aspects to allow the above coexis-
tence, namely resource allocation and offloading decision in MEC systems, joint data compression,
offloading decision, and resource allocation in hierarchial fog-cloud systems, and wireless scheduling
for heterogeneous services with mixed numerology in 5G wireless networks. In the following, we

discuss research challenges related to these design problems.

3.2 Research Challenges

For complicated systems exploiting MEC or 5G NR, they require sophisticated resource management
design to enable robust and efficient coexistence of multiple kinds of services. However, various
research challenges arise as one considers different system models, communications and computation
settings, design objectives, and constraints. We discuss some of these significant challenges in the

following subsections.

3.2.1 Resource Allocation and Offloading Decision in MEC Systems

Energy-efficient resource allocation problem is formulated to enable efficient MEC system opera-
tion and utilization of wireless and computation resources. However, there remain many technical

challenges.

First, in the offloading process, it needs to efficiently decide whether the computation task
is locally executed or offloaded and remotely processed. This becomes very challenging when the
computation task cannot be partitioned and must be executed entirely either in the local end-device
or in a remote cloud server. Indeed, the ofloading decisions in this case are the binary variables,

and the optimization problems related to binary/integer variables are difficult to tackle in general.

Second, the overall energy and time delay include two terms: one related to the wireless trans-

mission and one related to the computation process. Accordingly, to make the system robust and
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achieve high performance, it needs to control both computation-related and wireless-related param-
eters. In general, it much more challenging to manage compared to control only wireless-related

parameters.

The final challenge concerns joint offloading decision and resource allocation, which involves a
mixed-integer optimization problem. Moreover, the channel gains of individual links are different,
and the computation workloads of users can be very different. Therefore, the designed joint of-
floading decision and resource allocation algorithms must intelligently determine the appropriate
subtasks for offloading and the proper resources to support the offloading process to achieve the

best performance.

3.2.2 Offloading Decision and Resource Allocation in Hierarchial Fog-Cloud
Systems

Hierarchical fog-cloud computing systems that leverage the advantages of both MCC and MEC
can further enhance the system performance. However, besides the challenges encountered in MEC
systems, we have to deal with further difficulties in hierarchical fog-cloud computing systems. The
first challenge is related to data reduction when the transmission time from each user to the cloud
becomes a major factor and directly affects the Quality of Service (QoS). In fact, the lack of an
appropriate model for capturing data compression in the existing literature creates difficulty when
designing the hierarchical fog-cloud computing systems. To have the insightful results, it needs to
build a suitable model to express the relation between the compression/decompression computation

workloads and the compression ratio.

The second challenge is related to the system’s modeling. In particular, hierarchical fog-cloud
computing systems involve in two communication links which are mobile user - fog and fog - cloud
links. The communication conditions are different between these two types of communication. In
particular, the wireless links are used between the mobile users and the fogs, while the wired links
are usually employed between the fogs and the cloud. The QoS constraints on computation in
fog and cloud are also different. Therefore, a proper system model is needed to capture the key

characteristics of the hierarchical fog-cloud computing systems.
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The third challenge concerns the joint data compression, computation offloading, and resource
allocation in hierarchical fog-cloud systems. Compared to MEC systems, the energy and time delay
in this system are much more complicated because of data compression-related parameters and
two-tier communication and computing architecture. Moreover, the data compression makes the
resource-relation among users more sophisticated. Therefore, to achieve a high system performance,

the proposed algorithm must address the strong coupling among users.

3.2.3 Wireless Scheduling for Hetrogeneous Services with Mixed Numerology

in 5G Wireless Networks

To guarantee the required quality of service (QoS) and achieve efficient resource utilization, one
must determine the set of users to be scheduled over resource blocks since the wireless network may
not be able to support all users concurrently. For the 5G wireles systems with mixed numerology,
there exists many different types of physical resource blocks (PRBs), hence, the joint scheduling
and PRB assignments is a vital design. Toward this end, we have to deal with various challenges, as
described in the following. Firstly, one should appropriately represent the mapping for one particular
PRB in the frequency-time resource space, and capture the multiplexing of different numerologies
in the same time-frequency space. Secondly, we need to model the scheduling problem with data
demand and QoS requirements. Thirdly, solving the wireless scheduling for heterogeneous services
with mixed numerology problems can be very challenging because these problems are typically in
the form of integer programming (IP) or integer linear programming (ILP), which is NP-Hard in
general. Therefore, low-complexity algorithms must be proposed to tackle the scheduling problem

and achieve acceptable results when compared to optimal or close-to-optimal algorithms.

3.3 Literature Review

In the following, we survey the existing literature related to our research studies. Firstly, we describe
the related works on energy-oriented and delay-oriented offloading designs for MEC systems. Sec-
ondly, we present the computation offloading researches for different task models in MEC. Thirdly,
the papers on resource allocation and offloading decision in MEC are summarized. Finally, we review

the recent papers on applying the numerology in 5G NR for system performance enhancement.
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3.3.1 Energy-oriented and Delay-oriented Computation Offloading in MEC Sys-

tem

Computation offloading design for MCC/MCE systems has been studied extensively in the liter-
ature, see recent surveys [22] 33] and the references therein. Most existing works consider one or
both of the two main performance metrics in their designs, namely energy-efficiency maximization
[34H37] and delay-efficiency minimization [38-41]. Focusing on energy-efficiency, the authors of [34]
develop partial offloading frameworks for multiuser MEC systems employing time division multiple
access (TDMA) and frequency-division multiple access (FDMA). In [35], wireless power transfer
is jointly designed with the computation offloading design. Moreover, different binary offloading
frameworks are developed in [36], 37] where branch-and-bound and heuristic algorithms are proposed

to solve the resulting mixed-integer optimization problems.

Considering the delay performance, an iterative heuristic algorithm to optimize the binary of-
floading decisions for minimization of the total computation and transmission delay in a hierarchical
fog-cloud system is proposed in [38]. The authors in [39] formulate the computation offloading and
resource allocation problem as a student-project-allocation game to maximize the ratio between the
average offloaded data rate and the offloading cost at the users. In [40], the authors study a binary
computation offloading problem for maximization of the weighted sum computation rate. Then,
they propose a coordinate descent based algorithm in which the offloading decision and time-sharing
variables are iteratively updated until convergence. Considering partial computation offloading and
a TDMA based resource sharing strategy, the authors in [4I] propose a framework for minimiza-
tion of the weighted-sum latency of the mobile users for the collaborative cloud and fog computing

system.

Some recently proposed schemes for computation offloading consider both energy and delay
performance metrics [13] [I5 [16]. In particular, the work in [I3] proposes a radio and computing
resource allocation framework, where the computational loads of the fog and cloud servers are deter-
mined to achieve the desirable trade-off between power consumption and service delay. Additionally,
the authors of [I6] jointly optimize the transmit power and offloading probability for minimization
of the average weighted energy, delay, and payment cost. In [I5], the authors study fair computa-
tion offloading design that minimizes the maximum weighted cost of delay and energy consumption

among all users in a hierarchical fog-cloud system. In this work, a two-stage algorithm is proposed
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where the offloading decisions are determined in the first stage using a semidefinite relaxation and
probability rounding based method while the radio and computing resource allocation is determined
in the second stage. However, references [13| (15, 16, B4H40] have not exploited data compression

for computation offloading.

3.3.2 Computation Offloading Designs for Different Scenarios

In the existing literature, computation offloading problems are studied in four important scenarios:
single-task multi-user systems, single-task multi-user systems, multi-task single-user systems, and
multi-task multi-user systems. Computation offloading for the multi-task single-user system is
considered in [42H44]. In particular, the task offloading is dynamically optimized by using the
Lyapunov optimization method in [42] or by solving a constrained shortest path problem in [43].
In [44], the authors formulate the link selection and data transmission scheduling as a discrete-time

stochastic dynamic program to optimize the energy efficiency.

For the single-task multi-user system, the computation offloading and resource allocation op-
timization becomes more complicated [15, 34], 45H47]. Partial computation offloading to minimize
the weighted sum of energy consumption is studied in [34], where CPU partitioning decision vari-
ables are assumed to be continuous. In [I5], 45, [48], the authors consider the single-task offloading
and resource allocation for the interference-free transmission scenario. In [45], the computing and
communication resources are assumed to be shared among users with the control assistance of the
network operator. This proposed framework exploits available network resources to achieve the
required communication delay and high energy-efficiency. In [15], the authors consider the mixed
fog/cloud architecture and leverage the computing resources both at the fog and the cloud while the
work [48] employs the Lyapunov-based optimization technique to minimize the average weighted
sum power consumption where the computation tasks of mobile users are assumed to be fine-grained.
Moreover, iterative algorithms are developed in [46] 47] to optimize the energy-efficiency consid-
ering radio interference. Specifically, the decomposition framework and heuristic algorithm are
respectively proposed in [46] and [47] to deal with the complicated intra- and inter-cell interference.
However, making offloading decisions based on certain priority in [47] may not guarantee fairness

among mobile users.
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While the above papers consider three different MEC systems, namely the single-task single-
user system, single-task multi-user system, and multi-task single-user system, the more complex
multi-task multi-user system has been studied in some recent works [49H51]. Specifically, for given
the wireless transmission rate, the work [49] proposes a heuristic algorithm to tackle the offloading
and task scheduling problem for multicore-based mobile devices. Considering the interference-free
wireless network, binary task offloading design is conducted in [50] by employing semi-definite re-
laxation and the probability based rounding technique. However, both transmit energy and spectral
efficiency are assumed to be unchanged in bandwidth allocation optimization in this work, which
may not hold true in practice. This optimization framework is further extended in [5I] to consider
co-channel interference in the heterogeneous network based MEC system; however, independent
power allocation for different users adopted by this work may not be efficient in managing the in-
terference. Even though there have been some efforts in tackling the computation offloading design
for the multi-task multi-user MEC system, consideration of advanced communication aspects such

as MIMO communications for such design requires much more further research.

3.3.3 Resource Allocation and Offloading Design in MEC Systems

In order to guarantee the service latency requirements and successful transmission of the involved
data to the cloud in an energy-efficient manner, it is vital to jointly optimize the computation
and radio resources [52]. Along this line, Zhang et al. in [28] consider probabilistic computation
offloading and study an optimal strategy to minimize the energy consumption assuming wireless
transmission over a Gilbert-Elliott channel. Aiming to maximize the revenue of mobile virtual
network operators (MVNOs), the authors of [53] formulate the virtual resource allocation as a joint
optimization problem; however, the authors employ the relaxation technique to solve the problem

that might not provide any performance guarantee.

Considering the wireless powered MEC and TDMA protocol, the work [54] introduces the energy-
effective resource allocation policy in a two-user system. Along the way, the paper [35] develops
a partial offloading framework for multi-user system that jointly optimizes the transmit energy
at access points, users’ transmit power, and users’ CPU clock speed for delay constrained energy
minimization problem. The work [55] employs the Nash bargaining game to formulate the fair

resource allocation problem that aims to maximize the overall network throughput. However,
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the constraint on the positive transmission rates for all users makes the computation offloading
optimization. Coalition game is utilized in [56] to tackle the total weighted delay cost minimization
problem. Moreover, the Lyapunov optimization technique is applied in [48, (57, 58] to minimize users’
power consumption while trading off resources allocated for local computation and task offloading.
In [38], the offloading decision is optimized for latency-sensitive applications. The transmission
rate-related parameters, offloading decision, and users’ CPU clock speed are optimized in [59] to
minimize the local overhead and in [36] to minimize the total energy consumption of all users in the
system. In addition, computation offloading is optimized for energy-saving in the hierarchical MEC
system in [60, 61]. Considering the reliability, the work [62] formulates an optimization problem to

jointly minimize the latency and offloading failure probability.

Existing resource allocation designs mostly consider simple settings such as the scenarios with
only two users in the system [54], uncontrolled wireless resource [60} 61], or simple constraint [55].
Moreover, heuristic and sub-optimal algorithms developed in several existing works may not provide
strong performance guarantees with respect to the optimal solution [36] [62] and they may have very

high computational complexity [35].

Despite these research progresses, joint resource allocation and computation offloading has at-
tracted a lot of research interest. In particular, innovative wireless techniques, new architectures,
and advanced design tools have been employed in different design scenarios such as multiple-
input multiple output (MIMO) nonorthogonal multiple access (NOMA)-MEC [63], device-to-device
(D2D)-MEC [62, [64], blockchain-MEC [65] [66], millimeter wave (mmWave)-MEC [67], unmanned
aerial vehicle (UAV)-MEC [68H75], inter-user task dependency [76], deep reinforcement learning
[77-80].

3.3.4 Enabling Techniques to Support Heterogeneous Services with 5G NR

5G NR provides standardized framework for the 5G wireless network; however, research required to
realize the benefits of 5G NR is still ongoing. The very first works studying the performance benefits
of wireless systems leveraging different mini-slot sizes given by 5G NR size can be seen in [81H84].
In particular, various simulations are performed to evaluate the performance of grant-free uRLLC
and eMBB multiplexing in uplink in [8I] while the work [82] selects the suitable TTI and allocates

the channels to support multi-services simultaneously. In [83], the authors develop a dynamic time
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division duplex (TDD) based scheduling framework for a scenario with mixed types of services while
the paper [84] perform the performance analysis of orthogonal and non-orthogonal multiple access
for the multiplexing of eMBB and uRLLC users using the Shannon based rate bound for the finite
blocklength packet. However, these works [81], [83] 84] only consider different mini-slot sizes and
neglect the difference in subcarrier spacing in different numerologies. In [85], they investigate a
metric to capture the average user satisfaction considering inter-numerology interference, spectral
efficiency reduction, complexity, and signaling overhead based on which a heuristic algorithm is
proposed to decide on the number of mixed numerologies used in the same system. Meanwhile,
the papers [0, 86] investigate the interference pattern in mixed and single numerology spectrum
sharing systems. In particular, the work [86] analyzes the intercarrier interference and intersymbol
interference for different values of subcarrier spacings considering imperfect channel estimation
while the paper [87] proposes an interference balancing transceiver that aims to reduce the variance
of the interference energy caused by non-orthorgonal multiplexing of different numerologies. By
assuming that each eMBB user is assigned only one PRB for data transmission, the works [3], [8§]
derive the outage probability and transmission rate for different multiplexing strategies enabling the
coexistence of uRLLC and eMBB services. The resource allocation of two-dimensional (2D) time-
frequency resources for maximizing the cloud-radio access network (C-RAN) operator’s revenue is
studied in [89]. However, the authors of [3, 88, [89] assume that only two different numerologies

exist in the system.

Few existing works explore resource allocation for system performance enhancement when con-
sidering full aspects of of the 5G mixed numerology. Specifically, the authors of [4, [5] study the
resource allocation problem with mixed numerology for capacity enhancement. In [6], a resource
allocation problem is formulated to support multiple numerologies simultaneously where the design
objective is to achieve fairness among service flows. There are still many open research issues which

must be addressed in order to realize the benefits of 5G NR.

3.4 Research Objectives and Contributions

The general objective of my Ph.D research is to develop efficient resource management techniques to
leverage the MEC and 5G NR to enable heterogeneous wireless services and applications in future

wireless systems. Specifically, our main contributions can be described as follows.
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1. Energy-efficient resource allocation and computation offloading designs for MEC systems:

We formulate the computation task offloading and resource allocation optimization in multiple-
input multiple-output (MIMO) based MEC systems considering perfect/imperfect-channel
state information (CSI) estimation that aims to minimize the maximum weighted energy
consumption subject to practical constraints on available computing and radio resources and
allowable latency. The optimal and low-complexity algorithms are proposed to solve the
underlying mixedd interger non-linear programming (MINLP) problems. For the perfect-CSI,
we employ bisection search and develop a novel mechanism to find the optimal solution. The
low-complexity algorithms are developed by decomposing the original optimization problem
into the offloading optimization (OP) and power allocation (PA) subproblems and solve them
iteratively. Moreover, the difference of convex functions (DC) method is employed to deal
with non-convex structure of (PA) in the imperfect-CSI scenario. We show the advantages
of proposed designs over conventional local computation strategies in terms of energy-saving

and fairness.

2. Joint data compression, computation offloading and resource allocation for hierarchical fog-

cloud systems:

We propose a non-linear computation model which can be fitted to accurately capture the
computational load incurred by data compression and decompression. We then formulate the
joint optimization problem of the compression ratio, computation offloading, and resource
allocation to minimize the maximum weighted energy and service delay cost (WEDC) of all
users considering data compression at only the mobile users and at both the mobile users and
the fog server. First, when data compression is performed only at the mobile users, we prove
that the optimal offloading decisions have a threshold structure. Moreover, a novel three-step
approach employing convexification techniques is developed to optimize the compression ratios
and the resource allocation. Then, we address the more general design where data compression
is performed at both the mobile users and the fog server. We propose three algorithms to
overcome the strong coupling between the offloading decisions and the resource allocation. We
show that our proposed designs outperform conventional computation offloading strategies

that do not leverage data compression or use sub-optimal optimization approaches.

3. Wireless scheduling for heterogeneous services with mixed numerology in 5G wireless networks:
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We study the scheduling problem for heterogeneous services with mixed numerology which
aims to maximize the number of admitted users while meeting service latency and data trans-
mission requirements. To solve the underlying integer programming (IP) scheduling problem,
we first transform it into an equivalent integer linear program (ILP) and then develop two
algorithms, namely Resource Partitioning-based Algorithm (RPA) and Iterative Greedy Al-
gorithm (IGA) to acquire efficient resource scheduling solutions. Because the complexity of
solving an integer linear programming (ILP) problem can be decreased exponentially if we de-
crease the number of optimization variables, the RPA algorithm is developed by partitioning
the resources and users into smaller groups, optimizing the RA for each group, then perform-
ing resource defragmentation and additional resource assignment for unallocated resources to
obtain a final solution. In the IGA algorithm, we iteratively allocate PRBs to users based on
an appropriate resource assignment weight to obtain an efficient scheduling solution with low
computation complexity. Finally, extensive numerical studies are performed to demonstrate

the efficacy of the proposed algorithms.

3.5 Dissertation Outline

The remaining of this dissertation is organized as follows. Chapter [4] reviews some fundamental
mathematical background and important models used in the dissertation. In Chapter [5 we present
the energy-efficient resource allocation and computation offloading design for MEC systems. Then,
we study the joint data compression, computation offloading and resource allocation design for
hierarchical fog-cloud systems in Chapter [f] In Chapter [/, we describe wireless scheduling for
heterogeneous services with mixed numerology in 5G wireless networks. Chapter 8 summarizes the

main contributions of the dissertation and makes some recommendations for future research.
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Background

This chapter presents some fundamentals of optimization and resource allocation for the MEC
system. In particular, various optimization techniques which are utilized to model and solve various

resource allocation problems in this dissertation are also presented.

4.1 Mathematical Optimization

4.1.1 Basic Terminology

A mathematical optimization problem can be described as follows [I]:

min  fo(x)

where & € R" is the optimization variable and fo(x) is an objective function. The set of x that
satisfies all m inequality and p equality constraints is called the feasible set. If the feasible set is
empty, the problem is infeasible. A vector x* is called optimal of the problem if it achieves the

smallest objective value among all optimization variables x satisfying the constraints.
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4.1.2 Convex Optimization

Convex optimization is a well studied sub-field in optimization theory. A fundamental property of
convex optimization problems is that any locally optimal point is also (globally) optimal, thus it is
easier to solve compared to a general optimization problem. In the following, some fundamentals

of convex optimization are briefly introduced.

4.1.2.1 Definition [1]
Convex set: A set S is convex if for any x,y € S and any 0 with 0 < 0 < 1, we have
bx+ (1—-0)y € S. (4.2)

Convex function: A function f : R™ — R is convex if the domain D of f is a convex set and f

satisfies the following condition

f0x+ (1 —0)y) < 0f(z)+ (1-0)f(y). (4.3)

Convex optimization problem: An optimization problem is convex if it has the following form

min fo(x) (4.4)

where the function fo, fi, ..., f, are convex and the function hi, h, ..., h, are linear.

The Lagrangian: The Lagrangian £ : R” x R™ x R? — R of problem (4.4]) has the following form

m p
L(x, A v) = fol®)+ > Nifi(z) + Y viki(=), (4.5)
i=1

i=1
where vectors A and v are called the dual variables or Lagrange multiplier vectors associated with

the inequality and equality constraints of problem (4.4]), respectively.
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The Lagrangian dual function: The Lagrangian dual function g : R™ x RP — R is defined as

follows

g(Av) = ;E%E(:c,)\,u) = ;IE% (fo(w) + Z)\Zfz(a:) + Zuzhz(as)> . (4.6)
i=1 i=1

The Lagrangian dual problem: The Lagrangian dual problem associated with problem (|4.4) is

defined as follows

max g(A,v) (4.7)

v

s. t. A=0.

Problem (|4.4)) is so-called the primal problem. Let p* and d* denote the optimal values of problem
(4.4) and problem (4.7)), respectively. The important inequality d* < p* holds for any optimization
problem, and this property is called weak duality. The difference p* — d* is refereed as the optimal

duality gap. When p* = d*, the optimal duality gap is zero, and the problem has strong duality.

4.1.2.2 Karush-Kuhn-Tucker (KKT) Conditions

Let * and (A*,v*) be the primal and dual optimal solutions under the strong duality condition.

Then, they will satisfy the KKT conditions which are expressed as follows

fi(x*) <0, Vi=1,...m

A>0,Vi=1,..m (4.8)
ANfi(z*) =0, Vi=1,..,m

m p
V(@) + Y AV fi(x*) + > viVhi(z*) =0,
=1 =1

where V f; is the gradient of function f;.

The KKT conditions are sufficient conditions to obtain an optimal solution for a convex opti-
mization problem. It means that any points * and (A*, v*) satisfying the KKT conditions are the

primal and dual optimal solutions.
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4.1.3 Geometric Programming

Convex optimization problems can be solved by several well-known optimization algorithms such
as the interior point method, ellipsoid method, subgradient projection method [1]. However, most
optimization problems are non-convex by their nature. Geometric program represents a family of
optimization problems that are not convex, however, they can be transformed into convex opti-
mization problems, by a change of variables and a transformation of the objective and constraint

functions.

4.1.3.1 Definition
Monomial function: A function f: R" — R with domf = R’} , , defined as
fla) =[], (4.9)
i

where ¢ > 0 and a; € R, is called a monomial function, or simply, a monomial.

Posynomial function: A posynomial function is the sum of monomials, defined as

K
fl@) =" e [[=i™, (4.10)
k=1 7

where ¢ > 0 and a;; € R.

Geometric program: An optimization problem is a geometric program if it has the following

form

min  fo(x) (4.11)

where the function fo, fi, ..., f, are posynomials and the function hq, ha, ..., hj, are monomials.
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4.1.3.2 A Convex Form of Geometric Program

Let y; = log(x;i), so x; = exp(y;). The monomial f(x) = c[];x{" can be transformed as f(y) =
exp(aTy +b), where b = log(c). Then, the equivalent geometric program (4.11)) expressed in terms

of new variable y can be stated as

Ko
min Z exp(aor’ y + bor) (4.12)
k=1
K;
s. t. Zexp(aikTy +bix)<1,i=1,...m
k=1

exp(gi’y +hi)=1,i=1,..p,

where a;; € R",4 = 0,...,m and g; € R",7 = 1,...,p contain the exponents of the posynomial
inequality and monomial equality constraints, respectively. By taking the logarithm the objective
and constraint functions, problem can be equivalently transformed to the following standard
convex problem

Ko

myin log Z exp(aor’y + box) (4.13)
k=1

K;
s. t. log Zexp(aikTy—i—bik) <0,i=1,...m
k=1

giTy +h;=0,i=1,...,p.

It is noted that the log-sum-exp function: log (25:11 exp(agp’y + b,k)) is convex on R™.

4.1.4 Successive Convex Approximation

Although geometric program can be transformed into a standard convex problem, many non-convex
problems cannot be solved by using this technique. One general approach to tackle a non-convex
optimization problem is to approximate it with a convex optimization problem and solve the ap-
proximated problem iteratively where the objective and/or constraint functions are approximated
by corresponding convex/concave functions. Specifically, these approximated convex problems are
solved iteratively, and the solution obtained in each iteration is used to obtain the new, usually

better, approximations of the objective and constraint functions in the next iteration.
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An important property of SCA approach is that it guarantees the solutions of the series of
approximations converge to a point satisfying the KarushKuhn-Tucker (KKT) conditions of the
original problem [90]. In particular, for a general non-convex problem without equality constraints
whose objective function fy(x) is convex and inequality constraint functions f;(x), i > 0 are non-
convex, let f;(z) denote the approximated function of f;(x). Then, the approximated functions in

SCA approach must satisfy the following conditions [90]:

Condition 1: fi(x) < ﬁ(w), Ve,
Condition 2: fi(x|z = £9) = fi(z|z = ), (4.14)

Condition 8: V fi(z|le = £9) = V fi(z|z = 29).

where (9 is the optimal solution obtained by solving the approximated problem at iteration g.

4.1.5 Difference of Convex Functions (DC) Programming

DC programming can be used to solve a particular family of non-convex problems [91]. In the
wireless domain, the transmission rate in many practical scenarios has the DC form which is a
feature of DC programming problem (DCP). There are several popular techniques such as branch-
and-bound and cutting planes algorithms to solve optimization problems, but in general, they are
inefficient [92]. One desirable aspect of DCP that it is generally possible to build the approximated
function satisfying three conditions in and thus one can obtain the local optimal solutions

[93]. Further details about the DC approach are briefly presented as follows.

DC function: A function f : R™ — R is a DC function if there exist convex functions g, h : R — R

such that f can be expressed as the difference between g and h as

f(@) = g(z) — h(z). (4.15)

DCP: A problem is a DCP if it has the following form

min fo(x) (4.16)

s. t. file) <0,i=1,..,m,
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where the function f; : R™ — R is a differentiable DC function for ¢ = 0,1, ..., m.

Approximated DCP: Using the first Taylor approximation, the convex term h;(x) in f;(x) can

be approximated by its lower-bound as follows
hi(@) > hi(e, @) = hi(@@) + VA () (z - 22)). (4.17)

Then, we have f;(x) = g;(x) — hi(x) < g;i(x) — h; (m,m(‘l)) = f (ac, :L'(q)). Using these upper-bound
functions of DC functions, the approximated DCP at iteration ¢ + 1 which is a standard convex

problem, can be expressed as

min 7 (4.18)

4.2 Massive MIMO Technology

The MIMO wireless technology bring many benefits such as inter-user interference mitigation and
capacity enhancement and this technology has been studied actively over the years. It plays impor-
tant role in enabling the MEC system and its variant. In this section, we describe some fundamentals
of the MIMO technology, in particular the lower capacity bound for zero-forcing (ZF) detection in
two cases: perfect and imperfect channel state information (CSI), as presented in [3I]. Let us
consider the uplink of a multi-user (MU)-MIMO system that includes one BS equipped with an
array of M antennas receiving data from K single-antenna user equipments (UEs). Let h; € CM*!
denote the uplink channel vector between UE k and the BS’s antennas where elements of the uplink
channel vector hy are modeled as hy,x = ©mev/Bk, m € {1,2,..., M}, where ¢, and () represent
the small-scale and large-scale fading coefficients, respectively. Assuming that the channel is slow
fading and the small-scale channel coefficients ,,1, Ym are independently and identically distributed
(i.i.d.) CN(0,1) random variables. Let pi denote the uplink transmit power of UE k and n denote

the noise vector whose components are i.i.d. CA(0, o) variables.
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4.2.1 Perfect CSI (P-CSI) Estimation
The received baseband signal at the BS after passing through a linear detector is

Yp = \/ngathkxk + Z \/Ea,ljhia?i + aan, (4.19)

i#k,ick
where x, represents the transmitted symbol from UE k, which satisfies E(|zx|?) = 1, and aj, denotes
the receive combining vector of UE k, and K¢ is the set of UEs. The uplink average rate achieved

by UE k is given by
ri, = E (Wlogy(1+ ), (4.20)

where W is the communication bandwidth and ~; is the signal-to-noise-plus-interference ratio

(SINR) of UE k, which can be written as

prlaf hi|?

> pilaflhi? + opllak|?
ik IEKe

Ve = (4.21)

The linear detector matrix corresponding to the ZF method can be written as A = H(H? H)™!
where H is a channel matrix whose columns are channel vectors of the UEs and A is the combining
matrix whose columns are combining vectors of the UEs. Then, the lower bound on the achievable

rate with P-CSI is given by [25]

P = Wlog, | 1 P/ Obs = W logy(1 2, 4.22
k 82 ( + v ([(HHH)l]kk)> g2(1 + pifi) (4.22)

(M_VC&DBk‘

where 3}, = o
S

4.2.2 Imperfect CSI (IP-CSI) Estimation

Assuming that each UE employs a pilot signal to estimate its CSI once in each channel coherence
interval. Let T denote the number of symbol periods corresponding to the channel coherence interval
and let 7 denote the number of symbols in the pilot. Let \/7p¥ ¢, € C™*! be the pilot sequence

assigned for UE k where pt" denotes the pilot power and ||¢,||> = 1. Assuming that 7 > |K| and
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the pilot sequences are designed pair-wise orthogonally, i.e., qka ¢; = 0,Vk # j. Suppose that we
employ the minimum mean square error (MMSE) CSI estimation approach [25], the variance of the

. ~ . ~ 2 Tp"ﬁ,%
estimated CSI hy e is E(|hmkl”) = g5
Let € = H — H be the difference between the estimated channel matrix H and true channel

s B )
» TPV Brtops

signal associated with the UE k after passing through the ZF-based detector A=H (I:I HI:I )~ in

matrix H. Following [25], its element can be modeled as €;; ~ CN(0 The received

this scenario can be re-written as
Yk = \/Dray by + Z#k,ielcg VDiay hizi — Zie,cs iy & + agln. (4.23)

By treating the estimated channel as the true channel, the average rate achieved by UE k can

be computed as 7 = E(W logy(1 + 4%)), where 4y is expressed as [25]

~H
N pr|hy, axl?
A = [P G| (4.24)

“H N — —.
> pilhy al?+ a2 Y S22 4oy |ay,
i#k,ieng Z| ! | | ‘ iGICE Tptrﬁz+o'bs SH H

Then, with ZF combining based detection, the lower bound of average rate f}cb using the Jensen’s

inequality can be written as follows [25]:

1 Pk

Alb

= Wlogy [ 14+ —— | = Wlogy | 1+

7 °g2< Ewﬁ) °g2( zie,cpmﬁak) (4.25)

= Wlog, (pt)\k + o0 + pk> — W log, (pt)\k + O‘k),

(TP Br+0bs)0bs Bi o = (TP" Br+0bs)0bs
(Tp¥ Bitops) TPt B (M —Ke)’ B (M—K¢)

where Ay ; =

4.3 Computation Task Models

In the MEC system, computation resources of different capacity are available at mobile devices,
cloudlets, and cloud. Therefore, efficient distribution and processing of the computation workloads
from different wireless applications play plays a vital role in designing MEC systems. A general
model to describe computation tasks or workload is a non-trivial task when one wants to achieve

the broad applicability over different practical applications and mathematical tractability. Various
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Figure 4.1 — Computation task models.
factors such as context awareness and generality, simplicity, and tractability must be considered in
such the model, which must capture the essentials of an application and offer meaningful insights for
engineering practice, from the MEC design perspective. In particular, the computation workload
of a specific application can be partitioned into sub-tasks in certain practical scenarios and applica-
tions [94H97]. Accordingly, the two offloading mechanisms which are binary and partial offloading
as shown in Fig. have been used in the management of the computation workloads and the
offloading decision making process. This section briefly introduces the task models for binary and

partial offloading.

4.3.1 Task Model for Binary Offloading

The binary offloading model must be used for computation demand from a compact task that
cannot be partitioned and must be executed entirely either in the local end-device or in a remote

cloud or edge server [52, 08]. Such a task can be parameterized by the task input-data size (in



Chapter 4. Background 109

bits), the computation workload (CPU cycles), the completion deadline (seconds), and the task
output-data size (in bits). These parameters are related to the nature of the applications and can
be estimated through task profilers [22, 95, [99]. In the existing literature, the relation between
the computation workload and the task input-data size is captured by using the probabilistic and
deterministic relational models. In particular, the number of CPU cycles needed to execute 1-bit
of task input data is modeled as a random variable in case of probabilistic case [98], and as a fixed

relation in case of deterministic case [100].

4.3.2 Task Models for Partial Offloading

In practice, many mobile applications have computation demand captured by multiple proce-
dures/tasks. For example, the action recognition application for videos can be decomposed into
two main tasks, the first one for capturing the spacial information and the second one for analyzing
the temporal information [I0I]. The partial offloading can be applied in this scenario where a part
of each arrival computation demand is locally processed at end devices and the remaining part is

remotely executed at cloud/cloudlet servers.

One simple task model for partial offloading is the data-partition model, where the task-input
bits are bit-wise independent and they can be divided into different sizes and executed by different
entities in MEC systems, e.g., parallel execution at the mobiles and MEC server [4]. In this model,
the computation workload is proportional to the data size [4]. Another task model for partial
offloading is the task-call graph, which can capture the number of CPU cycles and inter-dependency
among different procedures/subtasks in an application [I02]. For the task-call graph model, the
computation workload of a particular application is captured by subtasks where each subtask is
also parameterized by the task input-data size (in bits), the computation workload (CPU cycles),

the completion deadline (seconds), and the task output-data size (in bits).

4.4 5G Resource Blocks

The general 5G NR frame struture can be shown in Fig. [4.2] In the time domain, NR transmissions
are organized into frames of length 10 ms. Each frame is divided into 10 subframes of length 1 ms.

A subframe is divided into slots consisting of 14 OFDM symbols, and the duration of a slot depends
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Figure 4.2 — 5G NR frame structure.

on the numerology [24]. A slot can be divived into mini-slots of 2, 4, or 7 OFDM symbols [23, [103].

Resource element (RE) is defined as one sub-carrier over one OFDM symbol [104]. Resource
element is the smallest time-frequency resource unit used for downlink/uplink transmission in NR.
Furthermore, 12 consecutive subcarriers in the frequency domain are called a resource block. The
time duration of resource block is flexible and depends on the numerology. Resource allocation to
support transmissions of different wireless users should be performed in units of resource blocks
[4]. For slot based scheduling, the resource block in numerology p has the subcarrier bandwidth of

2F x 15 kHz and the time duaration of a slot. For non-slot based scheduling, the resource block in
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numerology p has the subcarrier bandwidth of 2# x 15 kHz and the time duaration of a mini-slot

[105].

By allowing flexible numerology, 5G NR can provide different services with different QoS require-
ment. For example, lower numerologies are more suitable for mMTC, since they can support higher
number of simultaneously connected devices within the same bandwidth and require lower power,
intermediate numerologies are appropriate for eMBB which requires both, high data rate and signif-
icant bandwidth, and higher numerologies are more suitable for delay-sensitive applications due to
shorter symbol duration [I06]. In particular, for slot-based scheduling, the transmission duration of
1 ms, 0.5 ms, 0.25 ms, 0.125 ms, and 0.0625 ms is achieved when subcarrier spacing are 15 kHz, 30
kHz, 60 kHz, 120 kHz, and 240 kHz, respectively. Moreover, by allowing larger subcarrier spacing,
5G NR allows the channel bandwidth up to 100 MHz, and the modulation processing complexity
does not increase exponentially for wider bandwidths [107]. It is noted that the maximum channel

bandwidth in LTE is 20 MHz.
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Computation Offloading in MIMO
Based MEC Systems Under Perfect
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The content of this chapter was published in IEEE Transactions on Services Computing in the

following paper:

Ti Ti Nguyen, Long B. Le, and Quan Le-Trung “Computation Offloading in MIMO Based
Mobile Edge Computing Systems Under Perfect and Imperfect CSI Estimation,” IEEFE Trans. Serv.

Comput., Early Access, Jan. 2019.

5.1 Abstract

Intelligent offloading of computation-intensive tasks to a mobile cloud server provides an effective
mean to expand the usability of wireless devices and prolong their battery life, especially for low-cost
IoT devices. However, realization of this technology in MIMO systems requires sophisticated design
of joint computation offloading and other network functions such as CSI estimation, combining, and
resource allocation. In this paper, we study the computation task offloading and resource allocation

optimization in MIMO based MEC systems considering perfect/imperfect-CSI estimation. Our
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design aims to minimize the maximum weighted energy consumption subject to practical constraints
on available computing and radio resources and allowable latency. The optimal and low-complexity
algorithms are proposed to solve the underlying MINLP problems. For the perfect-CSI, we employ
bisection search to find the optimal solution. The low-complexity algorithms are developed by
decomposing the original optimization problem into the offloading optimization (OP) and power
allocation (PA) subproblems and solve them iteratively. Moreover, the difference of convex functions
(DC) method is employed to deal with non-convex structure of (PA) in the imperfect-CSI scenario.
Numerical results confirm the advantages of proposed designs over conventional local computation

strategies in energy saving and fairness.

5.2 Introduction

The number of novel and sophisticated wireless applications has increased drastically in recent
years such as object recognition, social network, e-health, natural language processing, and virtual
reality gaming thanks to the appearance of artificial intelligence-based services and high-speed
communications [I08]. It is expected that these desktop-level applications can be run on mobile
platforms equipped with powerful processors [I09]. However, this is challenging due to limitation
of energy and computation capacity on mobile devices, especially for low-cost IoT devices. In
fact, deployment of higher clock frequency central processing units (CPU) to process computation-
intensive applications leads to the increase in the energy consumption [26]. Unfortunately, the
advancement in mobile battery technology can improve the energy density only sixfold since the
1900s [110] while the computing capacity of the mobile chipset increases exponentially following
Moorse’s law. This means that the improvement in the battery capacity is not sufficiently fast to

keep up with the practical applications’ requirements.

Thus, the battery can become the bottleneck to realize many emerging mobile services. One
potential solution for enhancing the mobile usability and extending the mobile battery life is to
offload the computation-intensive tasks from mobile users to the central cloud or edge-cloud using
the so-called mobile cloud computing (MCC) or mobile edge computing (MEC) technologies [111].
The computation offloading in both paradigms is quite similar and the difference between them is
related to the available computing resources and the relative distance from the cloud to mobile users.

For the MCC, the enormous computing resource is provided in the core network, whereas the MEC
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system is equipped with more limited computing resource at the network edges. Moreover, the MCC
architecture usually has limited backhaul capacity, thus it may not be suitable for applications with
strict latency constraints. The MEC can address this challenge but the limited computing resource

at the edge-cloud must be carefully allocated to efficiently support the computation offloading

services.

5.2.1 Related Works

Literature survey of recent computation offloading designs can be found in [22]. A mobile cloud
middleware is proposed in [I12] to enable the interoperability across multiple clouds, asynchronous
delegation of mobile tasks, and dynamic allocation of the cloud resource. Moreover, the MAUI plat-
form in [95] enables fine-grained code offload by automatically extracting the program state needed
in the offloading process and creating the replicated version of the user’s application execution file
in the cloud. The offloading decision optimization is recently studied in [I13], 114]. In these existing
works, the offloading decision is not jointly optimized with constrained wireless resource allocation.
However, this is very important for the setting where multiple users request services at the same
time, which may create strong interference if not be well managed and low transmission rates, which

may lead to failure of the offloading process.

In order to guarantee the service latency requirements and successful transmission of the involved
data to the cloud in an energy-efficient manner, it is important to jointly optimize the allocation
of computation and radio resources [52]. Along this line, Zhang et al. in [28] consider probabilistic
computation offloading and study an optimal strategy to minimize the energy consumption con-
sidering data transmission over a Gilbert-Elliott channel. In [44], the authors formulate the link
selection and data transmission scheduling as a discrete-time stochastic dynamic program to op-
timize the energy efficiency for the single-task single-user system. Computation offloading for the
multi-task single-user system is considered in [42], [43]. In particular, the task offloading is dy-
namically decided by using the Lyapunov optimization method in [42] or by solving a constrained

shortest path problem in [43].

For the single-task multi-user system, the computation offloading and resource allocation opti-
mization becomes more complicated [15] [34] [45-47]. Partial computation offloading to minimize the

weighted sum of energy consumption is studied in [34], where CPU partitioning decision variables
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are assumed to be continuous. In [I5, 45, 48], the authors consider the single-task offloading and
resource allocation for the interference-free transmission scenario. In [45], the computing and com-
munication resources are shared among users with the control assistance of the network operator.
This proposed framework exploits available network resources with small communication delay to
achieve high energy-efficiency. In [I5], the authors consider the mixed fog/cloud architecture to
leverage the computing resources both at the fog and the cloud while the work [48] employs the
Lyapunov-based optimization technique to minimize the average weighted sum power consumption

where the computation tasks of mobile users are assumed to be fine-grained.

Moreover, iterative algorithms are developed in [46] [47] to improve energy-efficiency consid-
ering radio interference. Specifically, the decomposition framework and heuristic algorithm are
respectively proposed in [46] and [47] to deal with the complicated intra- and inter-cell interfer-
ence. However, making offloading decisions based on the priority in [47] may not guarantee fairness
among mobile users. Some recent works consider the integration of the massive MIMO technology
into the MCC/MEC system [35], [115] [IT6]. In particular, they tackle the joint backhaul, computing
and radio resource allocation problem for a single-task offloading problem which aims to minimize
the total energy consumption. These designs, however, do not consider the CSI estimation perfor-
mance, which is a very important factor directly affecting the wireless communication quality and

transmission rate of the underlying MIMO based wireless system [117].

While the above papers consider three different MEC systems, namely the single-task single-user
system, single-task multi-user system, and multi-task single-user system, the more complex multi-
task multi-user system has been studied in some recent works [49-51]. Specifically, [49] proposes a
heuristic algorithm to tackle the ofloading and task scheduling problems for multicore-based mobile
devices where data transmission is not optimized. Assuming the interference-free wireless network,
binary task offloading design is conducted in [50] by employing semi-definite relaxation and the
probability based rounding technique. However, both transmit energy and spectral efficiency are
assumed to be unchanged in optimization of the allocated bandwidth in this work, which may
not hold true in practice. This optimization framework is further extended in [51] to consider
co-channel interference in the heterogeneous network based MEC system; however, independent
power allocation for different users adopted by this work may not be efficient in managing the

interference. Even though there have been some efforts in tackling the computation offloading design
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for the multi-task multi-user MEC system, consideration of advanced communication aspects such

as MIMO communications for such design requires much more further research.

5.2.2 Contributions and Organization of the Paper

Existing computation offloading designs for the multi-task multi-user scenario have not considered
the important MIMO communication technology and its related issues such as the imperfect CSI
estimation. Our current paper aims to fill this gap in the literature by proposing general offloading
and resource allocation algorithms which can provide fairness and consider the cutting-edge MIMO

technology. In particular, the main contributions of this paper can be summarized as follows:

o We formulate the joint computation offloading and resource allocation problem that minimizes
the maximum weighted consumed energy (Min-max W.C.E) for mobile users considering the
latency and resource limitation constraints. The problem formulation captures the general
partial offloading for the multi-task multi-user setting where the computation tasks can be
either processed locally at the mobile user or offloaded and processed in the cloud. We consider
two important scenarios with perfect-CSI (P-CSI) and imperfect-CSI (IP-CSI) estimation for
the MIMO-based MEC system. To the best of our knowledge, the study of P-CSI and IP-CSI

for MIMO communications in the MEC system has not been conducted in the literature.

e We propose different efficient algorithms to solve the underlying MINLP problems. For the
P-CSI scenario, we propose an optimal algorithm achieving the global optimal solution by
employing the bisection search method in which the optimization problem is decomposed
into independent convex subproblems for individual users. We also propose a low-complexity
algorithm which iteratively solves the offloading subproblem (OP) and power allocation sub-
problem (PA) until convergence. For the IP-CSI setting, the decomposition of the original
problem into the (OP) and (PA) is also performed and the DC optimization approach is then

employed to convexify and tackle the non-convex constraints in the (PA) subproblem.

e We prove the convergence of different proposed iterative algorithms. Moreover, we discuss
the extension of the proposed design to consider both uplink data transmission and downlink

feedback of the computation outcome in the computation offloading design. We show how
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our proposed algorithm can be extended to address this more general problem. Moreover, we

analyze the complexity of the proposed algorithms.

e Numerical studies show that the low-complexity algorithm achieves close-to-optimal perfor-
mance in the P-CSI scenario. Moreover, we show that our proposed design can achieve good
fairness for different users. Finally, we investigate the impacts of different parameters includ-
ing the maximum allowable delay, the energy coefficient of mobile devices, the number of

computation tasks to the achievable performance.

The remaining of this paper is organized as follows. Section [5.3] presents the system model and
the task scheduling and computation-resource allocation problems. Section describes the joint
radio resource and computing resource algorithms for the P-CSI scenario. Section [5.5] discusses
the algorithm design for the IP-CSI scenario. Section [5.6] presents the extension of our design
for applications that require downlink transmission of the computation results and analyzes the
complexity of the proposed algorithms. Section [5.7] evaluates the performance of the proposed
algorithms and Section [5.8] concludes the work. In Table 1, we summarize important notations in

this paper.

5.3 System model and problem formulation

We consider an MEC system comprising K single-antenna users or user equipments (UEs) and
one base station (BS) equipped with M antennas. For convenience, we denote the set of UEs as
K =1{1,2,...,K}. We assume that M > K, the cloud server is located at the edge of the cellular
network and the high-speed fiber link is used to connect the network operator and the cloud server.
Then, the cloud can serve offloaded computation demands from multiple UEs simultaneously. It is
assumed that the cloud has received in advance the UEs’ task images (i.e., the replicated versions
of the execution files corresponding to the offloading tasks), which can, therefore, be executed in

the cloud in the offloading case [26], [46].
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5.3.1 Computation Offloading Model

We assume that UE k has the set of £; independent computation tasks from his/her application
and these tasks can be executed locally at the mobile device or offloaded and executed in the cloud
independently with the maximum allowable delay n [22], [102]. For example, the action recognition
application for videos can be decomposed into two main tasks, the first one for capturing the spacial
information and the second one for analyzing the temporal information [I01]. Moreover, each task
l € Ly needs a number of CPU cycles c;;, and a number of data bits by, (to transmit the
programming states to the BS). For instance, according to [95] the number of bits and CPU cycles

of the task of detecting and extracting faces are about 0.26 Gcycles and 14 kbits, respectively.

We now introduce a binary offloading decision variable s, for task [, € £}, as follows:

1, if task [ is executed at the mobile device.
Skl = (5.1)
0, if task l; is offloaded to the cloud.

The local computation energy and time due to user k can be expressed, respectively, as

& = anfi Y Sk Chins (5.2)
€LY

e = fi' D ki (5.3)
ILkELY

where oy, denotes the energy coefficient specified in the CPU model and fj;, denotes the CPU clock
speed of UE k (CPU cycles/second or Hz), which is assumed to be smaller than the UE’s maximum
clock speed Fi. Each individual UE k& can partially or totally offload its computation tasks to
the cloud if the underlying program can be more efficiently executed in the cloud or requires more

computing resource at the mobile device to execute within the delay ny.

5.3.2 Cloud Computation Model

Upon receiving the offloading demand from UE £k, the cloud server will assign the computing resource

measured in the CPU clock speed ff to execute the UE’s application. The required execution time
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Table 5.1 — Important Notations

Notations Description

K/K Number/set of users
Ke Set of users having at least 1 offloaded task
Ly Set of tasks of user k
w Transmission bandwidth (Hz)
M Number of antennas at BS
H/H Perfect /imperfect estimated channel matrix
A/A combining matrix with P/IP- CSI
¢k, /bry,  Number of CPU cycles/upload bits of task I of UE k
bgl,lk Number of download bits of task I of UE k (bits)
Lapu Ratio of download bits per upload bits
Skl Offloading decision of task I of UE k
f5 Allocated CPU clock speed for UE k from cloud (Hz)
Fe€ Maximum CPU clock speed of cloud (Hz)
fr/Fr CPU clock speed of UE k and its maximum (Hz)
Pk/Pk0 Uplink transmit power/circuit power of UE k (Watts)
¢! Downlink transmit power allocated for UE k (Watts)
pre/pd Maximum transmit power of UE k/BS (Watts)
£ Min-max weighted consumed energy
g /et Computation/transmit energy of UE k (Joule)
tlo/tt Computation/transmit time of UE k (second)
Qg Computation energy coefficient of UE k
B Large-scale fading coefficient of channel hj
4 Defined in
Mk Maximum latency requirement of UE k (second)
Obs Noise power received at BS (Watts)
ol Noise power received at UE k (Watts)
T/ Channel coherence interval / pilot sequence length
i /b Lower-bound of uplink rate with P/IP-CSI (bits/s)
le’lb Lower-bound of downlink rate (bits/s)
A/ ok Coefficients defined in (16)
b /e Offloaded bits/ CPU cycles of UE k
& Relation of transmission bits, energy defined in (P3)},
E(x) Expected value of

to finish the computation demand from UE k in the cloud server can be expressed as

th= ()7 D0 (1= sk, ) Chy- (5.4)

ILkELY

In addition, we assume that the total computing resources allocated by the cloud server must be

within its available computing budget F°. This constraint can be expressed as Zkelcg fi < FS,
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where Ke={k € K|} ez, sk, <|Lk|}, denotes the set of UEs that cannot execute all their tasks

locally.

5.3.3 Wireless Transmission Model

Let h, € CM*1 denote the uplink channel vector between UE k and the BS’s antennas where
elements of the uplink channel vector hy are modeled as hyx = @mrv/Br, m € {1,2,..., M}, where
omk and P represent the small-scale and large-scale fading coefficients, respectively. Assuming
that the large-scale channel coefficient does not change during the required task execution latency
(i.e., slow fading) and the small-scale channel coefficients ¢,,i, Vm are independently and identically
distributed (i.i.d.) CN(0,1) random variables. Let pj denote the uplink transmit power of UE k

and n denote the noise vector whose components are i.i.d. CN (0, ops) variables.

We derive the transmission rate, time, and energy for P-CSI and IP-CSI scenarios and ZF

combining in the following.

5.3.3.1 P-CSI Scenario

The received baseband signal at the BS after passing through a linear detector is

yr = /orai hyry + Z Vpial hix; +afin, (5.5)
i#k,1€ e

where zj, represents the transmitted symbol from UE k, which satisfies E(|zx|?) = 1, and aj, denotes

the combining vector of UE k.

The ergodic uplink rate achieved by UE k is given by
i = WE(logy (1 + k), (5.6)

where W is the communication bandwidth and ~; is the signal-to-noise-plus-interference ratio

(SINR) of UE k, which can be written as

prlaf hi|?

> pilaf hil? + ousllag] >
£k iEKe

Tk =
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Then, the average energy required for data transmission of UE k can be computed as

_ 1
& = E((pr + pro)tr) = ok +pro) Y (1= sk, )bk, E <) : (5.8)

lLELY Tk
where py o denotes the circuit power. The exact expression for E(1/r) is quite complicated for
analysis; therefore, we introduce the upper bound of this term as follows. Toward this end, we have

following result for function v(x) = 1/log(1 + x~1):

2 (41 2— @2+ 1)log(1+1) |<0, ifzx0.
v <wm>—

3 n 5 = (5.9)
log <1+5)($ +a) ~0, if > 0.

When UE k decides to offload its computation tasks to the cloud for energy saving, intuitively its
wireless transmission condition in terms of SINR must be sufficiently good so that one can maintain
the required application execution latency. Therefore, a tight approximation for the upper bound
of the ergodic transmission time and energy can be obtained by applying the Jensen’s inequality

for a concave function as follows:

1 1
E(—)< |Wlogy |1+ —— S (5.10)
Tk ~1 rib

Then, the upper bound of the average transmission time and energy can be written, respectively,

as

b _
tz,uP = (rg)™! Z (1 = Sk, )0k 1y 5 (5.11)
ILkELY
b ,ub
Gr = e+ po)ip (5.12)

Assuming that the zero-forcing (ZF) combining method, which is a popular and widely accepted
technique for MIMO communication, is employed to recover the user’s signal at the receiver. Then,
under the P-CSI scenario, the linear detector matrix corresponding to the ZF combining method can
be written as A = H(H H)~™! where H is a channel matrix whose columns are channel vectors

of the UEs and A is the combining matrix whose columns are combining vectors of the UEs. Then,
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the lower bound on the achievable rate with P-CSI is given by [25]
= Wog, 14 — /% — W log,(1+ pY), (5.13)
B{|@tmo] )

(M~ |Ke))By.

Obs

where 37 =

5.3.3.2 IP-CSI Scenario

Assuming that each UE employs a pilot signal to estimate its CSI once in each channel coherence
interval. Let T denote the number of symbol periods corresponding to the channel coherence interval
and let 7 denote the number of symbols in the pilot. Let \/7p¥ ¢, € C™*! be the pilot sequence
assigned for UE k where p* denotes the pilot power and ||¢;||* = 1. Assuming that 7 > |K¢| and
the pilot sequences are designed pair-wise orthogonally, i.e., qka ¢; = 0,Vk # j. Suppose that we
employ the minimum mean square error (MMSE) CSI estimation approach [25], the covariance of

. > . > oy TPBE
the estimated CSI hp, i, is E(|hmil”) = g5

Let € = H — H be the difference between the estimated channel matrix H and true channel

Tbs P ). The received

) TP B+0bs
signal associated with the UE k after passing through the ZF-based detector A=H (IEI Hfi )~ in

matrix H. Following [25], its element can be modeled as €, ~ CN(0

this scenario can be re-written as
~H ~H7, ~ H o ~H
Yk = 1 /pkak hk$k + Zi;ﬁk,iEICg \/Eak hlxl — Zieng \/Eak €;T; + ap mn. (514)
The SINR for this IP-CSI scenario by treating the estimated channel as the true channel is

expressed as [25]

~H
pilhy, axl?

~H “ ) ] TS
S pilhy a2+ ak2 Y Bt o gy |ay,
Z?ék,ZEKg Z| ¢ | | ‘ ’L'GK:E Tptﬁz'i‘a'bs SH ||

A

T =

(5.15)

Then, the ergodic rate achieved by UE k can be computed as 7, = E(W logy(1 + 4%)). With ZF

based detection, the lower bound of rate f}f using the Jensen’s inequality can be written as follows
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[25]:
1 Pk
~lb
Tk :W10g2 <1+A1> :W10g2 <1+ >
E(3; ") 2ieke Pitki + Ok (5.16)
= Wlog, (ptkk + o +pk> — W log, (pt)\k- + Uk>>
where \g; = (Tp" Bk + s )Tbs B ) Ok = m, and pt is a vector represents the transmit

(TP¥ Bitous) TP B (M — K
power of all K, users.

‘rp”ﬁi (M—K¢)

The training is performed for each coherence bandwidth chunk B, in the total available band-
width of W. For each channel coherence interval of T' symbol periods, UEs will spend 7 symbol
periods for training and the remaining T'— 7 symbol periods for data transmission. Then, the upper
bound of the average transmission time and energy (including the training time and energy) can be

written, respectively, as

T
tub t,ub
thp = Ti_Ttk,L;Pl’ (5.17)
t,ub 7(p" + pryo) tub
k,IIJP = <T—T + Pk + Pk,0 tkﬁpl, (5.18)

3 b v -
Where t;jpl = (T}{;b) 1Zlke['k(1 - Skvlk)bkylk

The total latency experienced by an offloaded task has different components, namely the time
required for sending transmission bits (e.g., program states) to the cloud, the computation time in
the cloud, and the time required for downloading the results to the UE from the cloud. For many
practical applications, the amount of data required to report the computation outcome is typically
much smaller than the amount of offloading data [46]. Therefore, we first omit the time for sending
back the computation outcome from the cloud server to mobile users in our design and we will

consider it in Section 5.6l

5.3.4 Problem Formulation

In this paper, we consider minimizing the energy consumption from the users’ perspective to prolong
their lifetime as studied in many recent works [46, [I13]. Moreover, our design aims to achieve fairness
for different users. Toward this end, we jointly optimize the offloading decisions, computation
and radio resource allocation to minimize the maximum weighted energy consumption at mobile

users considering latency and limited computation-radio resource constraints. This problem can be
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formulated as follows:
(P1) min max wi (& + &F) (5.192)
st e <m,  VE, (5.19D)
th+ 15 < mk, VE, (5.19¢)
sk, € {0,1}, Vk, (5.19d)
Zke’cé fE<FS, fi>0, (5.19€)
0< F, < F"™, Vk,, (5.19f)
0<pk < PP, VE, (5.19%)

where wj, denotes the energy weight of UE k, § = {s,Vk},sp = {sp1..Vi}, {f, fSp} =
{fx, 5, Pk, Yk}, ni is the maximum allowable delay of UE k, F{"® denotes the maximum com-
putation capacity of UE k, and P["® represents the maximum transmit power of UE k, ¢} and &},
stand for transmission time and energy, respectively, which can be expressed for the P-CSI and
IP-CSI scenarios as

th'y, P-CSI &y, P-CSI

th= ;&=

th\p, IP-CSI &P, IP-CSI

In this problem, captures the delay requirements for local computation while
represents the total latency requirements for the offloaded tasks. The binary offloading decision is
described in constraints while the limited computing resources are represented in constraints
and , where describes this constraint for the cloud and captures these
constraints at the UEs. Finally, describes the UEs’ maximum transmit power constraints.
It is noted that we develop centralized algorithms to tackle problem (P;) in this work. However,
they are developed based on decomposition techniques. Thus, they can be modified to convert to

decentralized algorithms.
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5.3.5 Problem Transformation

To gain insights into the non-smooth min-max objective function, we introduce an auxiliary variable

¢ and transform (P;) to the following equivalent problem:

P i 5.20
(P2) s mn 3 (5.20a)
sot wi(E0 + &) <€, Vk, (5.20b)

(5.198) — (5.19¢).

We now state an important result for this transformed problem in the following proposition.

Proposition 5.1. The optimal value of fy, is equal to (n)~! Dol Skl Ch.ly, if there exists a feasible

set of s, such as fi is less than or equal to Fi'* for all UE k.

Proof. 1t can be verified from (5.2) that the local energy computation of UE k increases with
the CPU clock speed fr. Therefore, this energy component achieves its minimal value at the

smallest possible value of fr. From (5.3), (5.19b)) and (5.191), one can infer that fr = (fi)min =

()" Dol Skl Chil, < Fi® at optimality. O

From the results of Proposition the local computation energy f}f and constraints 1} can

be rewritten as the function of the offloading decision variable s, as

3
LO = Oékn];2 ( Z Sk:lkcklk) , Vke /C, (5.21)

k€LY

D SkuChl S ETY, Yk e K. (5.22)
€L

Therefore, the objective function and constraint functions of problem (Pz) can be expressed in

S, f¢, p, £ and this problem can be recast as

P min
(P2)  guin &

s. t. (5.200), (5.19d) — (5.19¢)), (5.194)), (5.22).
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This problem is difficult to solve due to the complex fractional form of the transmission time

and energy, the logarithmic transmission rate function, binary variables S and continuous variables

f&p, & In the following sections, we will present our proposed algorithms to solve problem (P2)

for the P-CSI and IP-CSI scenarios.

5.4 Algorithm Design for P-CSI Scenario

To solve the difficult MINLP (Pz), we propose two algorithms where the first one (P-O) can find
the global optimal solution while the second one (P-SO) achieves a solution with lower complexity.
In (P-O) algorithm, we first employ the bisection search for { where the upper-bound &yax and
lower-bound &, of € are iteratively updated until the difference between them is sufficiently small.
This updating mechanism is based on the feasibility verification of problem (P3) for a given value
of £ as follows. If the set of constraints is feasible, then the upper-bound of the objective function
will decrease and is set equal to £; otherwise, its lower-bound will increase and is set equal to &.
To verify the feasibility, we decompose this problem into individual users’ subproblems, then find
the minimum allocated computing resource from the cloud server to each user. This is done by
searching all ofloading decision combinations of each user. The total required computing resource
of all users and its available budget from the cloud server is compared to determine the feasibility

condition.

In the (P-SO) algorithm, the original problem is decomposed into the offloading optimization
(OP) and power allocation (PA) subproblems which are solved iteratively. For the (OP) subproblem,
we directly find the offloading decisions via linearizing the non-convex constraints. Besides, we also
propose an indirect method to tackle this problem via the search of offloading decision combinations;
however, it can be done rapidly compared to the search in the (P-O) algorithm, which will be
presented more detail later. For the (PA) subproblem, we apply the bisection search and in each
iteration, we also compare the required and available computing resource from cloud server to verify

the feasibility of convex constraints.
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5.4.1 P-CSI - Optimal Algorithm (P-O)

The feasibility verification of non-convex mixed integer constraints for a given value of £ is still very
challenging. Fortunately, the lower-bound of the achievable rate in depends only on p; and
the number of offloading UEs |K¢|, which means that all constraints (5.20b)), (5.19¢|), (5.19d)), (5.19g)
and are independent for different UEs for a given value of £. Therefore, we can decompose

this problem into the feasibility verification problems for individual UEs if we can deal with the
dependent relation of UEs in constraints . Toward this end, we first remove constraints
, determine |K¢|, and then find the minimum allocated computing resource from the cloud
server for each user. The constraint will be then verified by using the obtained computing
resource allocation solution. Specifically, for a given value of £, UE k should upload its computation
tasks if the local execution consumes the total energy greater than &. Therefore, the number of

offloading UEs |K¢| can be computed as follows:

1, if wkg}f > £ Vi st Sk, =1
|’C§|: Z 51@7 and 6k: . (5.24)
k 0, otherwise

We now study the following subproblems that can be solved independently by individual UEs
(k € K¢) for given values of £ and |ICel:
(P3)r  min  [ff]*
skvfkypk

s. t. (5.200)k, (5.199) %, (5.19d) s, (5.19¢)x, (22,

where [f£]T = max(f§,0), constraints (5.200)x, (5.19d), (5.19d), (5.19¢)%, and (5.22)) denote the
corresponding constraints (5.208)), (5.19d), (5.19d)), (5.19g)), and (5.22)) for UE k, respectively.

Suppose that all sub-problems (Ps)g, Vk can be solved. Then, constraint (5.19¢|), which couples

all UEs, can be addressed by using the result in the following proposition.

Proposition 5.2. For a given value of &, problem (Ps) is feasible if all subproblems (Ps)y,Vk are

feasible and Y f,j’?i" < F° where f;’?in is the optimal value of (P3)g.
kJEICg ’ ’

Proof. 1f all subproblems (P3)y, Vk € K¢ are feasible, constraints ((5.20b), (5.19¢), (5.19d)), (5.19g),
(5.22)) are satisfied and the required CPU clock speeds f; of all UEs are at their minimum; thus,




Chapter 5. Computation Offloading in MIMO Based MEC Systems Under Perfect and
129
Imperfect CSI Estimation

Algorithm 5.1. Optimal Algorithm - P-CSI (P-O)

1: Initialize: choose €, {min = 0 and Epax = mim(max(wkf}f|sk’l,C =1, ec, Chir, < e Fr), £).
2: while &0 — &nin < € do
3: Assign £ = (§max + Emin) /2.
: Determine set K¢ as in. .
Solve (Ps3)x to get fre for all k € K.

4
5
6:  Assign feasibility = true if all subproblems (P3); are feasible and Ykeke f;:?i" < F°.
7. Assign (€max, Emin) = bisectionSearch( feasibility, &)

8: end while

the total CPU clock speed ) ;.cxc ’ f,:’g“in is also minimum. As a result, constraint 1} is satisfied
c,min

if the minimum required computing resources for different UEs satisfy ZkeIQ Ix ¢ < I, which

then implies that problem (Ps) is feasible. O

Using the results in Proposition we propose an optimal algorithm to solve problem (P2) as
described in Algorithm In this algorithm, the offloading decisions and the allocation of cloud
computing resource can be decided by the UEs. Moreover, the BS broadcasts the value of £ and UEs
report their computation demands in terms of CPU clock frequency f;. The remaining challenge
now is to solve small-scale non-convex MINLP subproblems (P3); to obtain the global optimum
solution. Problem (P3); is still difficult to tackle because it is a non-convex MINLP problem.
Fortunately, the number of parallel tasks of each UE is not large in practice, for example 2 tasks in
a face recognition application [95]; therefore, we can solve pj, and fi by exploring all possible sets of
sk (i.e., all possible offloading solutions of UE k). Specifically, for each set of s satisfying ks
let &2 = (wka)_1W(§ — wk§}€°), = Zlkeﬁk(l — Sk.1, )Chk 1, and b = Zlkeﬁk(l — 5k.1, )bk 1, , we need

to solve the following subproblem:

(P min ()"

1Pk
s. t. pr+pro — £ logo (14 prfB) <0, (5.26a)
b2 2
b +-E <o, (5.26b)

Wilogy(1+prBR) — fx
©-199);

The optimal objective value of (Ps)y is equal to the minimum of the optimal objective values of

(P3)5, considering all different combinations of sy, (I € Ly). The optimal solution structure for

(P3)5, is presented in the following proposition.
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Algorithm 5.2. Solving Problem (P3)j, for Set sy,

1: Set feasibility = true and compute b3, £ and cj,

2: Calculate fgl = le/nk_W10g2(1+Pkﬂz)<0
3: if fgl =1 then
4: Calculate fg2 =1y, ,)<0-

5. if fg2 =1 then

6: Assign py=p;, and (fc m'")(sk) as in .
7. else

8: Calculate fg3 = Hgk(pZ)SO

9: if fg3 =1 then

10: Calculate fg4 =1, P2 —pb >0° Lg, (p2 2)>0
11: if fg4 =1 then

12: Assign feasibility = false
13: else

14: Apply to obtain pj.
15: end if

16: else

17: Assign feasibility = false

18: end if

19: if feasibility then

20: Assign (fy m'")(sk) as in .
21: end if

22:  end if

23: else

24:  Assign feasibility = false

25: end if

Proposition 5.3. The solution of (P3), corresponding to a set sy can be expressed as

¢k logo (1 + pr57)

: 5.27
nx logy (1 + piBR) — b3 /W (5.27)

(foem)=

where pi. = pr if gk (pr) < 0 (note that gi(pr) = Pk +pr,o0—E loge(1+piB}) defines the left-hand-side
of constraints ; otherwise, py. is the root of equation gi(px) = 0 and it satisfies pi < py < pi
where pf = (5) (/W) _ 1),

Proof. The proof is given in Appendix [5.9.1] O

Proposition implies that we need to solve equation gy (pj;) = 0 to obtain the optimal solution
if gr(pr) > 0. Toward this end, it is necessary to check whether or not there exists a value of
py. satisfying p} < pp < pr and gi(p;) = 0. Because of the convexity of gi(pr), the requisite

conditions to ensure (C0’); holds are p? < pf < pj, and g(pl) < 0 where p? is the stationary point
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of gr(px) (the point for which the first derivative of gx(pr) equals to zero), which can be derived

as p,l; = lflag — 5—12 If pz < p} and gx(p;) > 0, then gi(pr) > 0 for pi < pr < pg. If all requisite

conditions are satisfied, we can find the root py > p,t; by employing the Newton-Raphson search

method through the following iterative updates:

gx(p},) (1 + p},B3) In(2)
(14 A7) In(2) — €367

(+1 _ t
P, =D —

(5.28)

where the initial point pg can be set equal to p;. Note that we can also apply one dimensional

bisection search to find the largest possible value of py.

In summary, the optimal solution of (P3)}, can be obtained as described in Algorithm where
1, denotes an indicator function (i.e., 1, = 1 if condition = holds and 1, = 0, otherwise). Moreover,

(P3)i is feasible if there exists at least one set sp so that (P3);, is feasible and we then have

c,min: . c,min (sk)
T =min(fe )™

5.4.2 P-CSI - Low-complexity Algorithm (P-SO)

The complexity of the optimal algorithm (i.e., Algorithm strongly depends on the number of
possible combinations of task offloading decisions. Thus, it can be highly complex to find the optimal
solution when the number of computation tasks is large. To deal with such complexity, we propose
a low-complexity algorithm which iteratively solves two subproblems decomposed from problem
(P2) where the first one, i.e., the offloading optimization (OP) subproblem, determines offloading
decision and computing resource allocation while the second one, i.e., the power allocation (PA)
subproblem, performs uplink power allocation and reassigns the computing resource. First, for a

given value of p, the (OP) subproblem is given as follows:

(PF) min & st (5200, (5199 - (5.19¢). (5.22).

Second, with the offloading solution S obtained by solving (P9F), the (PA) is given as

(P5B) n}icn€§ st (5.26d), (5.194), (5.19¢)), (5.19¢).
PsJ
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The proposed algorithm (P-SO), which iteratively solves (7320')) and (73; f‘;) until convergence,
is described in Algorithm Besides, this approach is the key for solving problem (Ps) in the
IP-CSI scenario when the finding of optimal solution would be impossible. Note that & (q)‘(P??: ) 1s
the optimal of subproblem (73; A) at iteration g. We describe how to solve (OP) and (PA) ir; the

following.

5.4.2.1 Offloading Subproblem (OP)

In order to tackle this subproblem, we will apply the decomposition technique as employed in section

to further decompose this subproblem into individual users’ small-scale subproblems:

(PEP)e min  [f£] st (5.208)k, (5.19¢), (5.19d)), (5-22) -

'skvfk

To solve (P9P), we propose two methods: the first one will transform the non-convex constraints
into convex constraints and then solve the corresponding convex MINLP (Method 1) while the

other will find f;;?i" by directly dealing with all possible combinations of s, (Method 2).

a) Method 1: We first rewrite the offloading time constraint (5.19d) as

ws R = sk )b+ D0 (1= sk )eny, — fEme<O0. (5.29)
k€L k€L

The non-convex term 2z, = f;:sk,, can be transformed into a linear form as follows:

0 < 2z, < Sk FS, (5.30)

0<fi— 2z <(1—sk)F° (5.31)

The small-scale subproblem (P9P); with these transformations becomes a convex mixed integer
non-linear (cubic polynomial) problem of &, sk, 2k, f5, which can be solved efficiently by available
solvers such as GAMS-BARON, CVX-Gurobi, CVX-MOSEK thanks to the convexity property
[118].

b) Method 2: In this method, we apply bisection search on £ as in Algorithm except for some

C, min

difference in step 4 and step 5 to find f;’ € Let S,Ei e R2“*'XILkl denote the binary matrix
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Algorithm 5.3. Low-complexity Algorithm - P-CSI (P-SO)

1: Initialize: choose ¢, initial p,(go) = Pmax/2, Vk.

2: while £(Q)|(P§>P) - §(Q)|(p§A) <edo

3:  Assigng=q+1;

4: Solve P9P to get S, (f9)@ and E(q)|(p§>p).
5. Solve P;é to get pl@, (£9)@ and f(Q)|(P§AP).
) :

. end while

whose rows represent all possible combinations of task offloading decisions of UE k. For example,
t

: 0011
Shi — in case of |£x| = 2. Then, it can be verified that the minimum value of f; for

0101
a given value of £ can be computed as

fo™ = min((LCO, © LC2; ® L20;)\{0}),

LOO: = lexa i, -L00} >0,
. 1—-S%b
LCO;, = kaAkUJZQ(S]EICk)S—F wk(pk—i_pk’:g)( &) i
k
| 1 gbivp, 1+
LC2, = |(1-SP)ek @ (mex 1y, —(ku)k) :
k
L20p = 1,5 gieso (5.32)

where ® and © denote the Hadamard product and division, respectively, 1,, represents the n x 1 vec-
tor of ones, 14> is the indicator function and ™ = max(z, 0). In above expressions, the elements
of LC0; and L20; will be equal to 1 if the corresponding row of S,Ei satisfies constraint r and
i, respectively. The vector of LC?2;, describes the minimum value of f{ corresponding to each

row of SPi.

It is noted that LCO), LC2; and L20; do not depend on the value of &; thus, we just need to
compute them at the beginning of the bisection search (the ‘while-loop’ in Algorithm and use
them to update LCOg and f,;:? in corresponding to the updated value of £&. Because this method

considers all possible values of sg, it is more suitable for the setting with a small number of tasks

per UE.
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5.4.2.2 Uplink Power Allocation Subproblem (PA)

With the solution of (P9P), we can then solve the (77; ) subproblem to obtain the optimal solutions
of transmit power p;, and computing resource allocation f¢. This can be fulfilled by using a similar
process employed in section [5.4.1] which applies the bisection search on ¢ and solving subproblem

(P3).. We state important results for Algorithm in the following proposition.

Proposition 5.4. Algorithm creates a sequence of feasible solutions for (Pa) where objective

function value of this problem monotonically decreases over iterations.

Proof. Let (VOP)(4=1) denote the optimal point of (PF) and (VPA)@=1 denote the optimal point
f (P;’é) at iteration ¢ — 1. Clearly, ((VPA)(@=D 81y is a feasible solution of (PPF) at iter-

ation ¢. Thus, at iteration ¢, we have 5(‘1)|(ng) = §|(7>op < f(q_1)|(p5jxp) =

min
VOPS{(VPAY(a—1) ga—1)1

i < gla=1) ) i i
VPAD{(VOgl(Iﬁ 1)7p(q72)}§ |(7)§A'; ) < 3 \(PQOP) Hence, the iterative process will converge in a finite
number of iterations. O

5.5 Algorithm Design for IP-CSI Scenario

We employ a similar approach, which is used to develop the low-complexity algorithm (P-SO) for
the P-CSI scenario to tackle the problem in this IP-CSI scenario. Specifically, we tackle problem
(P2) by iteratively solving two subproblems (P9P) and (732 b) until convergence. The proposed
algorithm for the IP-CSI scenario is refered to as (IP-SO) in the sequel. This (IP-SO) algorithm is
similar to Algorithm hence, we do not present it for brevity. Because the IP-CSI only affects
the transmission energy and transmission time, the (OP) subproblem (P9P) can be solved as in
Sectlon m We only need to consider the (PA) subproblem (732 b), which can be written as

(Pzp,/ﬁp) m}{l §

b,

st (5.200) + wi(€hip + &) <€,

5.19¢) : 7P + f’“ <y (5.19€)), (5.199).
k

Assuming that the UE’s training power is fixed in the CSI estimation phase, the NP-hardness

of (772 b) is stated in the following proposition.
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Proposition 5.5. The subproblem (P;,AP) is NP-hard.
Proof. The proof is given in Appendix O

Even though (P; 'f‘P) is non-convex and NP-hard, we can solve it by using the bisection search
method. The key step in this bisection search is to perform the feasibility verification of (P; ) for
a given £ (as can be seen in Algorithm . We propose to employ the DC optimization method to
convexify and tackle this feasibility verification problem [93]. We will show later that our proposed
algorithm to solve (P; /ﬁp) in this IP-CSI scenario converges to a stationary point, which, therefore,

guarantees the convergence of the main algorithm (IP-SO) as stated in Proposition

We now proceed to address the feasibility verification problem for (73; ’]\P). The transmission rate
in (16) is the difference between two concave functions, which makes 1/7}°(p) in constraints
and ([5.19¢) non-convex. To convexify 1 /7P(p), we approximate #(p) at point p@ by a concave
function #°(p|p(?). Indeed, it can be verified that 1/z is a convex and non-increasing function of

z and if 7P (p|p'?) is a concave function of p, the composition function 1/ P (p|p'?) is convex in p

.

To obtain a concave function #?(p|p(?), the second concave term vy, (p) = W log, (ptAk + O'k>
at point p(@ of f}f (p) in |i can be approximated by a linear function as

vk (p) < B(p) = vk (p'?) + Vi (p?) (p — p'?), (5.33)

where Vuy (p(q)) is the gradient of v; at point pl@. Using this approximation, for a given value of £
and point p(@, we can obtain the concave approximation function 7°(p|p(?)) of #(p) by using its

lower bound as follows:

Xp(p—p?)

P (p) >W logy (pr+p Ar+0r) =W logy (P9 Np+op,) — ”
log(2) (p9)\ Ar-ton

>=7’Lb(p\p(q))- (5.34)
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As a result, for a given value of &€ and point p(?, constraints (5.20b]) and 1) can be approx-

imated by the following constraints, respectively:

7(p" + pryo)

Pt o+ = — SR (PP ) <0, (5.35)
T b e
= — < . .
(7—) Bipp@) g SO (5.36)

From , the feasibility verification of (77; IIAP> for a given value of £ is now equivalent to find
at least one point (f<, p, p(?)) that makes constraints and (5.19g) and inequalities ,
feasible. Toward this end, we will iteratively update p(? to make the approximation in (5.34)
tighter and find the minimum y for a given p(@, where x is an upper-bound of the functions in the
left-hand-side of , for all users and for all p, f€ satisfying and . It is clear
that if we can find such a minimum y < 0, then constraints , are satisfied; therefore,
(77; ',A‘P) will be feasible. Specifically, the minimum value of x for a given p(? can be found by solving

the following problem:

(Peip) @ min  x (5.37a)
P fex

T(p" + Pro)

St DRt PRt o — &2 (p|p?) < x, (5.37h)
T b2 A
= < 5.37
<T — T) b (p|p(@) + fo o k=X (5.37¢)

G199, G199,

As shown above, the convexity of (PQP’ ',A‘P)(q) is guaranteed; therefore, we can effectively solve this
problem by using the CVX solver. Finally, the feasibility verification is presented in Algorithm [5.4]
and the bisection search to solve (73; M) is similar to Algorithm except for the difference in step
5, where the feasibility verification is done as described in Algorithm

We will show that our proposed algorithm to solve (P; ?P) converges to a stationary point, which

is stated in the following Proposition [5.6] and Proposition [5.7]

Proposition 5.6. For a given &, using D.C to approzimate the transmission rate (using the rate

lower bound in ) and iteratively solving problem (P;?P)(Q) leads to convergence.
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Algorithm 5.4. PA Feasibility Verification - IP-CSI

1: Initialize: choose p(®) as the previous solution of (73; ﬁ;).
2: repeat
3 ¢g=q+1
At p = pla= solve (PYA)@=1 to get pl@), f€
if x <0 then
Assign feasibility = true
Return p@, f¢; break;
else
Assign feasibility = false
10: Compute Fkb(p]p(q)) for all k
11:  end if
12: until convergence

Proof. The proof is given in Appendix [5.9.3 O

Proposition 5.7. If the optimal value of (P;’,Ap)(Q) is equal to zero at the convergence of Algo-
rithm then the solution of ('P;’f‘P)(Q) combining with £ gives a stationary point of subproblem
(P;fp), where Q) denotes the final iteration index at the convergence of Algorithm .

Proof. When the optimal value of (7?; |AP)(Q) is equal to zero at the convergence, the bisection search
of £ will terminate and the solution of (P; 1)@ combining with ¢ is the solution of (77; ). On the
other hand, the Karush-Kuhn-Tucker (KKT) conditions of (73; b) and (PPfP)(Q) at convergence are
the same. Moreover, in each iteration of (73; /ﬁp)(Q) we always obtain the optimal solution, which

therefore satisfies the KKT conditions of (P; H). O

5.6 Extension and Complexity Analysis

5.6.1 Consideration of Downlink Transmission

For certain applications such as virtual-reality games, the amount of downlink data and time to send
back the computation result from the BS can be non-negligible and it must be taken into account
in the computation offloading design. In this section, we extend the proposed design described in

the previous sections to consider this downlink transmission.
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Let bgl,lk denote the number of downlink bits related to the computation result of task l;, which
must be sent from the BS to UE k. We assume the time division duplexing (TDD) wireless system[l,
the downllink combining can be realized by using the same estimated channel matrix H in the
uplink. Let pgl denote the power that BS uses to transmit the offloading result data to UE k, then

the downlink signal-to-noise-plus-interference ratio of UE k is given by

~H
pil\hk ag|?

~H )
dl a2 Tbs Bk di|~ |2 dl
i#k%:eng Pilh @il + TP Br+obs iezl:cg P+ o

(5.38)

Ve, dl =

where U,‘j,' represents the received noise power at UE k. In the P-CSI scenario, the error in the
second term of the denominator is zero so this term does not exist. Assuming that ZF precoder is

employed, the lower-bound ergodic downlink rate can be espressed as

W log, (1 + pz'/agl) (P-CSI)
pable — . (5.39)
dl
W10g2 1 + m (IP-CSI)
iEKﬁ

Then, the constraint (5.19¢|) on the total latency, which includes the computation time, the upload

and download time, can be expressed as

T (2 B\ @
k

i
where b7 = 3 (1 _Sk’lk)bgl,lk'
k€LY

On the other hand, the average transmit power of BS can be computed as

d|
> ke, P-CSI
k&%, CT=IKTOB:

pes= »_ PLE(||ax||*)=
p?cl(Tpter-i-Ubs) IP-CSI

kEK:g Z 5
kEICg (Mf‘Klé)Tpter ’

IThe TDD approach has been advocated recently because it can significantly reduce the CSI estimation overhead,
especially in massive MIMO wireless systems.
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di

Sax> Which can be

The total transmit power at BS must be constrained by its maximum power p

expressed as

pRs < p‘,ﬂax. (5.41)

We can now formulate the joint computation offloading and resource allocation problem considering

both uplink and downlink data transmissions as follows:

(PSY) min¢ st (5.208), (5.19d), (5.19€)), (5.194), (5.22), (5.40), (5.41).

The difference between (P2) and (P$*) is in constraints (5.40) and ([5.41]). To tackle this difficult

problem, we can again decompose it into two subproblems as in previous sections. In particular, we

iteratively solve the (OP) subproblem (with constraints ([5.20b)), (5.19d)), (5.19¢), (5.22)), (5.40)) to
find the optimal s, f¢ and solve the extended (PA) subproblem (with constraints (5.20b)), (5.19¢)),

(5.19¢g)), (5.40), (5.41))) to find p, p¥. Because the optimization variables p, p?' are only captured in
the extended (PA) subproblem, we can solve the (OP) subproblem as in section [5.4.2.1l We now

discuss how to solve the extended (PA) subproblem which is stated as follows:

(PYA®Y mine st (5.208), (5.19¢)), (5.194), (5.40), (5.41).

Considering the first delay term in (5.40)), the two delay components, which correspond to the
uplink transmission time of the incurred data and download transmission time of the computation
outcome, respectively, have the same structure. Therefore, we can apply the same techniques as in

the previous sections to deal with the downlink rate.

Specifically, we will apply the bisection search to find £ for which we have to perform feasibility
verification for a given value of £ (to update the upper and lower bounds of £). For the P-CSI
scenario, the non-convex constraint can be convexified by rewriting it as ; therefore,
the feasibility verification can be completed by using the CVX solver. For the IP-CSI scenario, to
solve the (PA) subproblem, we employ the DC optimization technique as in Section to deal with

non-convex constraints involving both uplink rate and downlink rate.
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5.6.2 Complexity Analysis

We analyze the computational complexity of the proposed algorithms in term of the number of
required arithmetic operations. In Algorithm the main complexity comes from the while-loop
for the bisection search and the process of solving subproblem (Ps); in step 4. The bisection
search of £ requires logﬂ@) iterations. Besides, the Newton-Raphson search method to
solve gi(py) = O typically converges within tens of iterations, denoted by Ni, and each iteration
has complexity of O(1). Therefore, the computational complexity involved in solving subproblem
(P3) is O(21£¥INy). Thus, the overall complexity of Algorithm [5.1|is (’)(logﬂ@)ﬂﬁml\ﬁf(),

where |L]'| = maxy, [Ly|.

For the (P-SO) algorithm (Algorithm described in Section [5.4.2] we describe the worst-case
complexity with exhaustive search using Method 2 to solve (OP) subproblem. The computational
complexity involved in solving (OP) is O(2/¥%| K) because the exhaustive search using Method 2 just
needs to compute at the beginning of the bisection search. Therefore, the worst-case complexity of
Algorithm [5.3[is O(No(24% K + logQ(@)NlK)), where Ny denotes the number of iterations
required by two subproblems (OP) and (PA) to achieve convergence. As shown in the simulation

result later, Ny is typically no more than 6E|

For the IP-CSI scenario, the iterative process in Algorithm converges in a few iterations,
which is denoted as N3. In each iteration, the convex problem (PYA)@ and (PYA®*)@ can be
solved by using the interior-point method with complexity O(m'/?(m + n)n?), where m denotes
the number of inequality constraints, and n represents the number of variables [119]. Therefore,
the complexity of solving (732P"|A‘P) and (P;ﬁseXt) are similar, which is equal to O(K3°N3). Conse-
quently, the overall complexity of solving (P2) and (P$?) in the IP-CSI scenario is O(No(2/FF K +

10g2(5max25min )K35N3)) .

2The complexity involved in solving the relaxed convex problem of (PSF) is © (|£k |3'5) and our numerical studies

suggest that the average complexity required to solve the original MINLP (P9%); is approximately O (\£k|6'5),
which is much smaller than its worst-case complexity.
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5.7 Numerical Results

We consider an MEC system with the channel bandwidth of 10 MHz and K = 20 UEs randomly
distributed in a cell coverage area with the radius of 900m. All UEs are assumed to have the same
maximum clock frequency of 2.4 GHz, the same maximum transmit power (i.e., px = Pmax), which
is set equal to 0.22 (Watts) according to the 3GPP technical report [120] and the circuit power
is set equal to 0.05 (Watts). In our simulation setting, all UEs have the same number of parallel
tasks and the same total computation demand of 0.24 Geycles, but the number of CPU cycles per
task is set randomly and uniformly. The total number of transmission bits for all tasks is set to
be the same for all UEs while the number of bits per task is generated randomly and uniformly.
For performance evaluation of the proposed design, we choose the ratio between the total number
of transmission bits and the total required CPU cycles (BPC) to be about 4.2 x 10~3 (except for
the results in Fig. and Fig. , which is close to its highest possible value for the applications

considered in [26].

The energy weights wy, are set equal to 1 for fair comparison with the no-computation-offload
case. The energy coefficient is set as ap = o = 0.1x10727, which corresponds to the realistic
measurement value in [99] and recent development in mobile chipset technology. The effect of this
parameter on the performance of the offloading design will be clarified in Fig. [5.6] For all considered
simulation scenarios, we set |Ly| = L = 5 (except in Fig. [5.8)), M = 30 (except in Fig. [5.1)), F© = 40
GHz (except in Fig. , maximum allowable delay 7, = n for all UEs, and pdl_ = 10 (Watts).

max

The noise powers at the mobile user side and BS are given as o35 = J,‘j' = bandwidth xkp x Tyx
noise figure (W), where kg = 1.381 x 10723 (Joule per Kelvin) is the Boltzmann constant, Ty = 290
(Kelvin) is the noise temperature, and noise figure = 0.9 (Watts). The small scale channel fading
coefficient is generated according to the Rayleigh distribution and the path-loss is defined according
to 3GPP technical report as i (dB) = 128.1 + 37.6log;o(dx) where d, > 0.01 is the geographical
distance between UE k and the BS (in km) [27]. In the IP-CSI scenario, we take 7' = 200 symbols,
which corresponds to the coherence bandwidth of 200 kHz and a coherence time of 1 (ms). The

simulation results are obtained by averaging the results over 100 realizations except for Fig.[5.1]and

Fig. .4
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Figure 5.1 — Simulated and lower-bound of inverse rate.

Fig. [5.1] compares the upper-bound of the inverse of transmission rate given in the right-hand-
side of and its simulated values obtained by averaging over 10000 realizations in both P-CSI
and IP-CSI scenarios when the transmit power pr = pmax/2 is set equally for all UEs. This figure
confirms that the value of ergodic inverse of transmission rate is indeed close to its upper-bound and
the gap between them is negligible when the number of antennas at the BS M becomes relatively
large compared to the number of UEs K. In fact, when the SINR is good enough to support the data
transmission required by the offloading process, as shown in , the second-order derivative of
the inverse of the transmission rate is nearly equal to zero. Therefore, the equality condition of the
Jensen’s inequality in holds with high probability. Another reason is the channel hardening

property in massive MIMO, thus a fading channel behaves as if it was a non-fading channel.

The convergence of the proposed low-complexity algorithms based on bisection search for both
P-CSI scenario (P-SO) and IP-CSI scenario with or without downlink transmission (IP-SO) is illus-
trated in Fig. Specifically, we show the variations of the maximum W.C.E (§) over iterations
in the left subfigure where no-downlink transmission is indicated as noDL and with-downlink trans-
mission is shown together with the ratio between downlink data size and uplink data size I'qp, = 1.
The right subfigure shows the variations of y in over iterations for different values of &,
which is used to perform feasibility verification in the bisection search in the (PA) subproblem. It
can be seen that y converges to a negative value for some values of &, which indicates the feasibility

condition.
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Figure 5.2 — Convergence of proposed algorithms.
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Figure 5.3 — Performance comparison of with/without offloading and with/without optimization of
radio and computing resource.

The benefit of joint optimization of radio and computing resource allocation in the computa-
tion offloading design is illustrated in Fig. [5.3 for varying maximum allowable delay 7. In this
figure, considering no downlink data transmission and P-CSI scenario, we compare the achievable
performance in four scenarios: task processing at mobile devices (‘No-offload’), partial offloading
with optimal offloading decision and cloud-resource allocation with fixed transmit power for all UEs
Pk = Pmax/2 and pr = pmax, and with optimal transmit power allocation (‘Optimal py’). The left
and right subfigures show the achieved min-max W.C.E for different values of transmission bits per

CPU cycle (BPC). From this figure, we can see that the minimum required latency that the mobile
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Figure 5.4 — Min-max W.C.E versus maximum allowable latency.
device can process its tasks locally (‘No-offload’ case) is 0.1s while the minimum required latency
in the remaining cases are 0.08s. This means that computation offloading allows mobile devices to
achieve lower latency. Moreover, the consumed energy in the partial offloading scheme is signifi-
cantly smaller than that in the ‘No-offload’ case. For instance, the min-max W.C.E at n = 0.1s
in the left subfigure is equal to 0.138, 0.036, 0.029, 0.014 for the ‘No-offload’, fixed transmit power
of ‘Pk = Pmax/2’, ‘P = Pmax and ‘Optimal py’, respectively. This means that partial offloading
enables saving about 5 times of energy with no optimization of the transmit power and save about
10 times of energy with optimal transmit power. Moreover, the difference in the consumed energy
among the offloading and no-offloading schemes becomes larger for smaller number of transmission

bits.

Fig. presents the achieved performance of different design scenarios considered in this paper:
optimal solution with P-CSI - no downlink data (‘P-O, noDL’), solution with P-CSI - no downlink
data (‘P-SO, noDL’), and IP-CSI - no downlink data (‘IP-SO, noDL’). We also consider different
application scenarios with small, medium and large amount of downlink data in comparison with
amount of uplink data where the performance of our low-complexity algorithm for the IP-CSI
scenario is investigated. Specifically, we set the ratio between the amount of downlink data and the
amount of uplink data (gpy) (i-e., computed as 37, <p. bztlk/zlke»ck bi1,.) equal to 0.5, 1, and 1.5
corresponding to low downlink data (‘T'gpy = 0.5’), medium downlink data (‘I'qp, = 1), and large

downlink data (‘I'qp, = 1.5”), respectively.
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Figure 5.5 — Success rate for task processing with Iy, = 1.

It can be observed from this figure that the low-complexity algorithm achieves close-to-optimal
performance when the maximum delay constraint is less stringent (‘blue’ and ‘black’ curves). For
the IP-CSI scenario, mobile users will require more energy for data transmission to compensate
for the CSI estimation errors. When the amount of downlink data becomes larger, more time is
required to transfer the download data which means that less time is available for uploading the
uplink data and computation at the cloud server. In some cases, increasing the transmit power to
its maximum value may not lead to improved SINR, and the low transmission rate may prevent
successful uplink data transmission in the offloading process. In all studied scenarios, even for the

high value of I'yp,, the partial offloading scheme enables us to save energy significantly.

Fig. shows the success rate for which computation task processing can be completed suc-
cessfully in the MEC system with limited computing resource and three different scenarios: 1)
Yiecy bky, = 1 Mbits, F'© = 40 GHz; 2) 35, cp, bry, = 0.75 Mbits, F© = 40 GHz, and 3)
2iery bky, = 1 Mbits, F© = 80 GHz. The success rate is obtained by calculating the ratio
between the number of successful computations and the total 200 different realizations. The results
are obtained for the optimal algorithm, P-CSI and no downlink data transmission. We can see from
this figure that, with the same requirement on computation, the larger amount of computing re-
source available at the cloud server and the smaller amount of uplink data, the better performance
(i.e., lower latency and higher success rate) that mobile users can achieve through computation

offloading.
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Fig. [b.0]illustrates the ofloading performance gain versus the energy coeflicient of mobile devices.
This performance gain is computed as (£"°~°fload _ ¢ /¢ which is used to compare the relative
difference between the offloading and no-offloading cases. As shown in Fig. larger performance
gain can be obtained for applications with more stringent delay requirement. Moreover, the resource-
rich cloud can lead to a significant performance gain for low-cost devices equipped with chipsets

having higher coefficient «.

Fig. presents the ratio between the energy components due to transmission and local pro-
cessing (£1/£°) for different values of T'gpy, Where &' = 237, & and ¢° = 37, €°. It can be

observed that more energy will be needed for transmitting data when the maximum allowable delay
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Figure 5.8 — Performance with difference number of parallel tasks.
is smaller; otherwise, more energy will be used for local computation. In fact, the previous figure
suggests that if the system has enough resource to guarantee the successful data transmission and
remote computation, computation offloading is preferred to save energy. Therefore, larger number
of tasks can be processed remotely and less energy is used for executing tasks locally for larger
maximum allowable delay. It means that the proportion of local computation energy will becomes
smaller. Moreover, when the required transmit energy is smaller than ones for local computation,
the increase in the transmit energy to compensate for the download time will become smaller than
the increase in the energy required for computing more tasks, which cannot be offloaded with larger

Igpu- Thus, the relative energy ratio &/ €' will also decrease.

The achieved W.C.E versus allowable delay is illustrated in Fig. for different number of
parallel tasks per UE L. It can be observed that the min-max W.C.E decreases quite drastically
as the number of tasks increases, especially in the regime with a small number of parallel tasks.
When L increases to a sufficiently large value for which the radio and computing resources can
be effectively allocated to all UEs, the difference in performance due to increasing L will become

insignificant.

Fig. [5.9shows the fairness achieved for different UEs when applying the proposed min-max based
computation offloading strategy in the IP-CSI scenario with no download data and n = 0.1s. On
the average, each UE offloads more than half of its required computation demand and the resulting
consumed energy is fairly similar among the UEs. Furthermore, the average weighted consumed

energy for each user is quite smaller than average min-max W.C.E (shown in Fig. [5.4). This is
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Figure 5.9 — Computation allocation and total consumed energy with allowable latency of 0.1s.
reasonable for the underlying min-max strategy because the min-max W.C.E value corresponds to

the highest weighted consumed energy among all users in the system.

5.8 Conclusion

In this paper, we have developed both optimal and low-complexity algorithms to tackle general
joint computation offloading and resource allocation for the MIMO based mobile cloud computing
system considering P-CSI and IP-CSI. Our numerical studies have confirmed that significant energy
saving of the proposed design compared to the no-offloading scenario can be achieved; the proposed
sub-optimal algorithm achieves close to optimal performance when the delay constraint is not very

stringent; and our proposed designs can provide great fairness for different users.

In the current work, we assume that different user’s tasks are independent. We plan to address
the offloading scenario for the MIMO-based MEC system where user’s tasks are dependent in our
future work. Furthermore, offloading design for the MIMO-based multi-task multi-user setting in

the hierarchical fog-cloud system will be considered.
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5.9 Appendices

5.9.1 Proof of Proposition [5.3

It can be verified that the transmission time in i decreases with py. Therefore, ff achieves
its minimum value when pj, is equal to its largest possible value. Moreover, ff can be greater than
zero if and only if the minimum transmission time is less than the maximum allowable delay, i.e.,
WM<W. If gr(pk) is less than or equal to zero, all constraints are satisfied at py and
the objective function achieves its minimum value. Otherwise, we will consider the case where
9k(pr) > 0. The constraints k and k can be rewritten as p? < py < pr. On the other
hand, it can be verified that gx(px) is a convex function of pg. Therefore, from the Karush Kuhn
Tucker (KKT) conditions which can be used to find the maximum value of py satisfying constraint

(5.26d), and pj < p; < pk, we can deduce that the optimal pj must satisfy gi(p)) = 0.

5.9.2 Proof of Proposition [5.5

For given values of { and ff, constraints ([5.20b)) and ([5.19¢|) can be rewritten as

f}cb = Wlogy(pk + P Ak + o) — Wlogy(p* Ak + o)
T ) b2 (r(p“ + Pro)
T

a

b
|
R

+pr + pk,0> (5.42)

The left-hand-side of (5.42) is the sum of concave and convex functions; hence, it is a sigmoidal
function. Consequently, (PFA) with given values of ¢ and ff is a sigmoidal program, which is

NP-hard and NP-hard to approximate [I21]. Thus, the original subproblem (P5”) is also NP-hard.
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5.9.3 Proof of Proposition

ba
) ~lb k
72 (p[p(®))

Let g('”( ) = pi + pro + “ZBE0) a5 p(@) and gl k(p, f5) = (7=

have

—i—;ié'—nk. We
k

A = maxmax{g}) (p®), g5 (P, (/1) } = min maxmax{g % (p). 57 (p, (S)')}

(a)
= mascmax{g{)(pr V), gl (P, (5} = maxmax{glly ) (pH), g1 (p0H, (1))}

> micn ml?x max{gf;jl)(p(qﬂ)),gg?;jl)(P(qH)a flg)}

k

= max max{g(q+1)(p(q+1))7 gé‘fgl)(p(q+1)’ (f5)lary} = ylatD),

where plt*!)— argmin s max{g1%(p). 947 (p: (f5)) . (£9)(+) = argmin max max{g}5]™ (p0),
k

gé?,j 2 (platD), f£)}. Inequality (a) holds since

72 (plp@) < 7P (P |p@) < #P(plTt) = FPp(plr T |plath),

Therefore, for a given &, using D.C to approximate transmission rate creates a sequence of feasible

and improving solutions for (772 |P) which, therefore, converges.
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Abstract

Data compression has the potential to significantly improve the computation offloading perfor-
mance in hierarchical fog-cloud systems. However, it remains unknown how to optimally determine
the compression ratio jointly with the computation offloading decisions and the resource alloca-
tion. This optimization problem is studied in this paper where we aim to minimize the maximum
weighted energy and service delay cost (WEDC) of all users. First, we consider a scenario where
data compression is performed only at the mobile users. We prove that the optimal offloading deci-
sions have a threshold structure. Moreover, a novel three-step approach employing convexification
techniques is developed to optimize the compression ratios and the resource allocation. Then, we
address the more general design where data compression is performed at both the mobile users and
the fog server. We propose three algorithms to overcome the strong coupling between the offloading
decisions and the resource allocation. Numerical results show that the proposed optimal algorithm
for data compression at only the mobile users can reduce the WEDC by up to 65% compared to
computation offloading strategies that do not leverage data compression or use sub-optimal opti-
mization approaches. The proposed algorithms with additional data compression at the fog server

lead to a further reduction of the WEDC.
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6.1 Introduction

Currently, mobile edge/cloud computing (MEC/MCC) technologies are considered as promising
solutions for enhancing the mobile usability and prolonging the mobile battery life by offloading
computation heavy applications to a remote fog/cloud server [7H9]. In an MCC system, enor-
mous computing resources are available in the core network, but the limited backhaul capacity can
induce significant delay for the underlying applications. In contrast, an MEC system, with com-
puting resources deployed at the network edge in close proximity to the mobile devices, can enable

computation offloading and meet demanding application requirements [10].

Hierarchical fog-cloud computing systems which leverage the advantages of both MCC and MEC
can further enhance the system performance [ITHI5] where fog servers deployed at the network edge
can operate collaboratively with the more powerful cloud servers to execute computation-intensive
user applications. Specifically, when the users’ applications require high computing power or low
latency, their computation tasks can be offloaded and processed at the fog and/or remote cloud
servers. However, the upsurge of mobile data and the constrained radio spectrum may result in
significant delays in transferring offloaded data between the mobile users and the fog/cloud servers,
which ultimately degrades the quality of service (QoS) [122]. To overcome this challenge, advanced
data compression techniques can be leveraged to reduce the amount of incurred data (i.e., the input
data of a user’s application) [123], [124]. However, data compression entails additional computations
needed for the execution of the corresponding compression and decompression algorithms [125].
Therefore, an efficient joint design of data compression, offloading decisions, and resource allocation
is needed to take full advantage of data compression while meeting all QoS requirements and other

system constraints.

6.1.1 Related Works

Computation offloading design for MCC/MCE systems has been studied extensively in the litera-
ture, see recent surveys [22) [33] and the references therein. Most existing works consider two main
performance metrics for their designs, namely energy-efficiency [34H37] and delay-efficiency [38-41].
Focusing on energy-efficiency, the authors of [34] develop partial offloading frameworks for multiuser

MEC systems employing time division multiple access (TDMA) and frequency-division multiple ac-
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cess (FDMA). In [35], wireless power transfer is integrated into the computation offloading design.
Moreover, different binary offloading frameworks are developed in [36], B37] where various branch-
and-bound and heuristic algorithms are proposed to tackle the resulting mixed integer optimization

problems.

Considering computation offloading from the delay-efficiency point of view, an iterative heuristic
algorithm to optimize the binary offloading decisions for minimization of the overall computation
and transmission delay in a hierarchical fog-cloud system is proposed in [38]. The authors in
[39] formulate the computation offloading and resource allocation problem as a student-project-
allocation game with the objective to maximize the ratio between the average offloaded data rate
and the offloading cost at the users. In [40], the authors study a binary computation offloading
problem for maximization of the weighted sum computation rate. Then, they propose a coordinate
descent based algorithm in which the offloading decision and time-sharing variables are iteratively
updated until convergence. Considering partial computation offloading, the authors in [41] propose
a framework for minimization of the weighted-sum latency of the mobile users via collaborative

cloud and fog computing assuming a TDMA based resource sharing strategy.

Some recently proposed schemes for computation offloading consider both energy and delay
efficiency aspects [13},[15,[16]. In particular, the work in [I3] proposes a radio and computing resource
allocation framework where the computational loads of the fog and cloud servers are determined
and the trade-off between power consumption and service delay is investigated. Additionally, the
authors of [16] jointly optimize the transmit power and offloading probability for minimization of
the average weighted energy, delay, and payment cost. In [I5], the authors study fair computation
offloading design minimizing the maximum weighted cost of delay and energy consumption among
all users in a hierarchical fog-cloud system. In this work, a two-stage algorithm is proposed where the
offloading decisions are determined in the first stage using a semidefinite relaxation and probability
rounding based method while the radio and computing resource allocation is determined in the
second stage. However, references [13, 15, [16, 34H40] have not exploited data compression for

computation offloading.

There are few existing works that explore data compression for computation offloading. Specif-
ically, the authors of [I122] propose an analytical framework to evaluate the outage performance of

a hierarchical fog-cloud system. Moreover, the work in [I25] considers data compression for com-
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putation offloading for systems with a single server but assumes a fixed compression ratio (i.e., this
parameter is not optimized). In general, the compression ratio should be optimized jointly with
the computation offloading decisions and the resource allocation to achieve optimal system perfor-

mance. However, the computational load incurred by compression/decompression is a non-linear

function of the compression ratio, which makes this joint optimization problem very challenging.

6.1.2 Contributions and Organization of the Paper

To the best of our knowledge, the joint design of data compression, computation offloading, and re-
source allocation for hierarchical fog-cloud systems has not been considered in the existing literature.

The main contributions of this paper can be summarized as follows:

e We propose a non-linear computation model which can be fitted to accurately capture the
computational load incurred by data compression and decompression. In particular, the com-
pression and decompression computational load as well as the quality of data recovery are

modeled as functions of the compression ratio.

o For data compression at only the mobile users, we formulate the fair joint design of the
compression ratio, computation offloading, and resource allocation as a mixed-integer non-
linear programming (MINLP) optimization problem. This problem formulation takes into
account practical constraints on the maximum transmit power, wireless access bandwidth,
backhaul capacity, and computing resources. We propose an optimal algorithm, referred to as
joint data compression, computation offloading, and resource allocation (JCORA) algorithm,
which solves this challenging problem optimally. To develop this algorithm, we first prove
that users incurring higher weighted energy and service delay cost (WEDC) when executing
their application locally should have higher priority for offloading. Based on this result, the
bisection search method is employed to optimally classify users into two user sets, namely the
set of offloading users, and the set of remaining users, and JCORA globally optimizes the

decision variables for both user sets.

e We then study a more general design where data compression is performed at both the mobile
users and the fog server (with different compression ratios) before the compressed data are

transmitted over the wireless link and the backhaul link to the fog server and the cloud server,
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respectively. This enhanced design can lead to a significant performance gain when both the
wireless access and the backhaul networks are congested. Three different solution approaches
are proposed to solve this more general problem. In the first approach, we extend the design
principle of the JCORA algorithm by employing the piece-wise linear approximation (PLA)
method to tackle the coupling of the optimization variables. In the remaining approaches,
we utilize the Lagrangian method and solve the dual optimization problem. Specifically, in
the second approach, referred to as One-dimensional A-Search based Two-Stage (OSTS) algo-
rithm, a one-dimensional search is employed to determine the optimal value of the Lagrangian
multiplier, while in the third approach, referred to as Iterative A-Update based Two-Stage
(IUTS) algorithm, a low-complexity iterative sub-gradient projection technique is adopted to

tackle the problem.

o Extensive numerical results are presented to evaluate the performance gains of the proposed
designs in comparison with conventional strategies that do not employ data compression.
Moreover, our results confirm the excellent performance achievable by joint optimization of
data compression, computation offloading decisions, and resource allocation in a hierarchical

fog-cloud system.

The remainder of this paper is organized as follows. Section [6.2 presents the system model, the
computation and transmission energy models, and the problem formulation. Section [6.3] develops
the proposed optimal algorithm for the case when data compression is performed only at the mobile
users. Section provides the enhanced problem with data compression also at the fog server and
three methods for solving it. Section [6.5] evaluates the performance of the proposed algorithms.

Finally, Section [6.6] concludes this work.

6.2 System Model and Problem Formulation

6.2.1 System Model

We consider a hierarchical fog-cloud system consisting of K single-antenna mobile users, one cloud

server, and one fog server co-located with a base station (BS) equipped with a large number of
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Figure 6.1 — Data compression and computation offloading in hierarchical fog-cloud systems.
antennas. In this system, the BS communicates with the users through wireless links while a (wired[])
backhaul link is deployed between the BS co-located with the fog server and the cloud server as in
Fig. For convenience, we denote the set of users as K. We assume that each user k needs to

execute an application requiring ¢, CPU cycles within an interval of T

seconds, where ¢, o CPU
cycles must be executed locally at the mobile device and the remaining offloadable ¢, ; CPU cycles
can be processed locally or offloaded and processed at the fog/cloud server for energy saving and
delay improvement. Sequential processing of the unoffloadable and offloadable computing tasks is
assumed in this paper. Let bi,? be the number of bits representing the corresponding incurred data
(i.e., programming states, input text/image/video) of the possibly-offloaded c;; CPU cycles. To
overcome the wireless transmission bottleneck caused by the capacity-limited wireless links between

the users and the BS, data compression is employed at the users for reducing the amount of data

transferred to the fog server.

In particular, once ci; CPU cycles are offloaded, user k first compresses the corresponding bi,;‘
bits down to by""" bits before sending them to the remote fog server. The ratio between bj? and by
is called the compression ratio and is denoted as wy = bik” / b,‘z“t’“. Depending on the available fog
computing resources, the offloaded computation task can be directly processed at the fog server or
be further offloaded to the cloud server. The amount of data required to represent the computation
outcome sent back to the users is usually much smaller than that incurred by offloading the task.
Therefore, similar to [I5], [16] [34], we do not consider the downlink transmission of the computation

results in this papelﬂ

!The wireless backhaul will be considered in our future work.
2The design in this paper can be extended to also include the downlink transmission of feedback data as in [126].
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Remark 6.1. Running an application requires executing several unoffloadable sub-tasks that handle
user interaction or access local 1/0O devices and cannot be executed remotely and other offloable
sub-tasks that can be executed locally or remotely based on the employed offloading strategy [16, [20].
Practically, the workload corresponding to each sub-task of a specific application has to be pre-
determined and remains unchanged according to the pre-programmed source code. Hence, the total
workload of the offloadable components is typically fixed and cannot be optimized. In this work, we
assume a binary offloading decision for all offloadable sub-tasks of each user. This corresponds to
the practical scenario where all offloadable sub-tasks are strongly related such that they cannot be

executed at different locations.

6.2.1.1 Data Compression Model

Data compression can be achieved by eliminating only statistical redundancy (i.e., lossless com-
pression) or by also removing unnecessary information (i.e., lossy compression). To realize it,
compression and decompression algorithms must be executed at the data source and destination,
respectively, which induces additional computational load. To the best of our knowledge, in the
literature, there is no theoretical model for the computational workload incurred by data compres-
sion. Hence, we adopt a practical data-fitting approach to model the compression computational
load, decompression computational load, and compression quality as non-linear functions of the

compression ratio as follows:

X,u .
Xu __ . u XU Uy X,U u u,min  u,max
G = Vo [’Yk@(wk) h2 "‘%,3]7 for wi€lwy 1wy, (6.1)
qu,u .
qu,u ___ qu,u qu,u o u\Y, u u,min  u,max
QG = V3 — [’Yk,l (wi) ’“’2}7 for wi€lw ™ Wt s (6.2)
(V) b PN : . . u,min u,max
where ‘x> = ‘co’ and ‘de’ stands for compression and decompression, respectively, [wkl W' ]

represents the possible range of wj and depends on the compression algorithm employed at user k,

czo’“ and cze’” denote the additional CPU cycles at source and destination needed for compression

u

and decompression, respectivelyﬂ; gp"" represents the perceived QoS (i.e., this parameter, which

is only considered for lossy compression, measures the deviation between the true data and the

decompressed data); '7270 is the maximum number of CPU cycles; 'yzoi/ de/ i =1,2,3, are constant

3Note that when the compression and decompression algorithms are executed at a fixed CPU clock speed, the
computational load in CPU cycles is linearly proportional to the execution time.
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co/de/qu,u _co/de/qu,u co/de/quu . . .
parameters where V.1 V3 >0. The values of the Vi ,4 =1,2,3, employed in this
paper are determined based on experimental data collected by running the compression algorithms

GZIP, BZ2, and JPEG in Python 3.0

The accuracy of the proposed model is validated in Fig.[6.2] which illustrates the relation between
the normalized compression/decompression execution time and the compression ratio using the
lossless algorithms GZIP and BZ2 for the benchmark text files “alice.txt” and “asyoulik.tzt” from
Canterbury Corpus [127], and the lossy algorithm ‘JPEG’ for images “clyde-river.jpg” and “frog.jpg”
from the Canadian Museum of Nature [128], obtained by simulating and fitting the proposed model.
Here, the normalized execution time is the ratio of the actual execution time and the maximum
execution time over all values of the compression ratio. The figure shows that the curves obtained

through fitting using the proposed model match the simulation results well.

Remark 6.2. A detailed comparison of the accuracy of the proposed compression computational load

model and that of existing models is provided in Appendix G of our technical report [129].

6.2.1.2 Computing and Offloading Model

We now introduce the binary offloading decision variables s{, sz, and s§, for the computation task
of user k, where s\ =1, 32 =1, and s§ = 1 denote the scenarios where the application is executed
at the mobile device, the fog server, and the cloud server, respectively; and these variables are zero
otherwise. Moreover, we consider binary offloading, thus the ¢, ; CPU cycles can be executed at
exactly one location, which implies s}, + S}; + s, = 1. Then, the total computational load of user k

at the mobile device, denoted as ¢}, and at the fog server, denoted as c};, are given as, respectively,

b d b
ch = e o + (1= s and of, = of (e + o). (6.3

4For validation, we collected three experimental data sets for three algorithms (GZIP, BZ2, or JPEG) by running
each algorithm in Python 3.0 via a Linux terminal using Ubuntu 18.04.1 LTS on a computer equipped with CPU
chipset Intel(R) core(TM) i7-4790 and 12 GB RAM. To keep the CPU clock speed almost constant, we turned off
all other applications when executing the compression and decompression algorithms by using the ‘cpupower tool’
in Linux. In each realization for each algorithm, we measured the execution time of running that algorithm with
different compression ratios. Then, the experimental data sets are compiled from the average execution time for each
compression ratio value over 1000 realizations of running each algorithm. This allowed us to estimate the normalized
execution time, which is proportional to the normalized computational load.
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Figure 6.2 — Compression quality and normalized execution time.

As the fog and cloud servers are generally connected to the power grid while the capacity
of a mobile battery is limited, we will focus on the energy consumption of the users [I5]. The
local computation energy consumed by user k and the local computation time can be expressed,
respectively, as £, = akf,;‘2c,‘; and ¢}, = cp/fr, where fi' is the CPU clock speed of user k and
ay denotes the energy coefficient specified by the CPU model [28]. Let f,g denote the CPU clock
speed used at the fog server to process ci 1. Then, the computing time at the fog server is given
by tfljk = 02 / f,i We assume that the computation task of each user is executed at the cloud server

with a fixed delay of T° secondg’|

5The delay time for the cloud server consists of two components: the execution time and the CPU set-up time.
Due to the huge computing resources at the cloud server, the execution time is generally much smaller than the CPU
set-up time [I30], which is identical for all users.
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6.2.1.3 Communication Model

In order to send the incurred data during the offloading process, we assume that the channel state
information is perfect and zero-forcing beamforming is applied at the BS and the average uplink rate
from user k to the BS (fog server) is expressed as ry = pilogy(1 + Pifk ), where Py is the uplink
transmit power per Hz of user k, pj, denotes the transmission bandwidth, and B0 = MoSBk/0ps.
Here, () represents the large-scale fading coefficient, ops is the noise power density (watts per
Hz), and My is the multiple-input multiple-output (MIMO) beamforming gain, which is computed
as M — K, where M is the number of antennas at the BS [25]. It is assumed that the number of
antennas is sufficiently large so that My is identical for all users. Then, the uplink transmission time
and energy of user k can be computed, respectively, as t§ , = (1 — sb" /ry and &8 = pe(Pr +
Pk,o)t;k, where Py denotes the circuit power consumption per Hz. For the data transmission
between the fog server and the cloud server, a backhaul link with capacity D™ bps (bits per
second) is assumed. Let dj denote the backhaul rate allocated to user k. Then, the transmission

time from the fog server to the cloud server is ¢}, = sSbotY /d..

6.2.2 Problem Formulation

Assume the users have to pay for their usage of the radio and computing resources at the fog/cloud
servers. Then, the service cost of user k can be modeled as O = (1 — s¥)(wBWpy + wCey1),

where wBW

is the price per 1 Hz of bandwidth for wireless data transmission, and wC is the price
paid to execute one CPU cycle at the fog/cloud servers. Assuming that a pre-determined contract
agreement specifies a maximum service cost ©'®* then ©;, < O7"®. This constraint can be rewritten
equivalently as (1 —s})pp < pi® = %%. Besides the constrained service cost, two important
metrics for each user are the service latency and the consumed energy. Specifically, the total delay
for completing the computation task of user k includes the computation delay of the mobile device,
the average transmission delay of the mobile device, the computation delay of the fog server, the

average transmission delay of the fog server over the backhaul link, and the computation delay of
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the cloud server. Therefore, the total delay is given by

T =t g + 55 + 54 +thp + s5T°

i st (erq + cden i
_ oo+ shep + (1-sp) (L—sp)bf AR ) A e
I witpr 1ogs(1 + Pifro) i wid, "

Since we assume massive MIMO transmission with zero-forcing beamforming, multiple mobile users
can transmit their data to the fog server at the same time over the same frequency band. Unlike
[41], we do not adopt the TDMA transmission protocol where the users are scheduled and have to
wait for their turns to transmit their data in the uplink. For the considered massive MIMO system,

time-based scheduling is not required since all users can transmit concurrently.

Furthermore, the overall energy consumed at user k for processing its task comprises the en-
ergy for local computation and for data transmission in the offloading case. Hence, the energy

consumption of user k is given by

co,U) (Pk+Pk,0)(1_sll::)bll?

€ =&y + €8 = apfr?(cro + siert + (1—si)c ) 6.4
1kt &k % (Ck, KCk,1 + (1=sp)cy ¥ Togy(1 + prBro) (6.4)

Practically, all users want to save energy and enjoy low application execution latency. Hence,

we adopt the WEDC as the objective function of each user k as follows:
=k = w;Tk + w,Efk,

where w,;r and w,E represent the weights corresponding to the service latency and consumed energy,
respectively. These weights can be pre-determined by the users to reflect their priorities or interests.

The proposed design aims to minimize the WEDC function for each user while maintaining fairness
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among all users. Towards this end, we consider the following min-max optimization problem:
(Py1) Hs}zlln max =k (6.5a)
s.t. fiy S VE, (6.5b)
< Fhme (6.5¢)

k

s¥ st s$e{0,1}, Vk, (6.5d
¥+ sh + 5§ =1, VE, (6.5¢
wz’min < wp < wp™™,VE, (6.5f

ngkpk SPE3X7VI€7
0<pr < P?ax7 vk,
Zk dp < D™ (6.5

Ty, < T Vk, (6.5

where Q) = UrexQik, Q1 = {s¢, s, 55,08 o # P, pr, di}; F™® is the maximum CPU clock

speed of user k, FF™¥ is the maximum CPU clock speed of the fog server, P is the maxi-
mum transmit power of user k, [wz’min,w,:’max] denotes the feasible range of the compression ra-

tio wj which can guarantee the required QoS of the recovered data. In particular, for lossless

data compression where the perceived QoS q,ju’” = 1 for all wj, this feasible range is deter-

. u,min u,min u,max u,max . .
mined as w,” = w.; and w;’ = w,; . For lossy data compression where the perceived
b b

QoS is required to be greater than ¢"""™", this range is determined as wy™" = wp] and

. i 1/ _
w,™ = min {wz,zrlnax, ((727“3’“ — g™ 727”1’”) w2 } In this problem, (6.5b) and (6.5¢|) rep-

resent the constraints on the computing resources at the users and at the fog server, respectively,

while the offloading decision constraints are characterized by (6.5d) and (6.5¢). The constraints

on the compression ratio are captured by (6.5f]), while (6.5g) and (6.5h)) impose constraints on the
maximum user transmit power and the bandwidth, respectively. Finally, (6.51) and (6.5j) are the

constraints due to the limited backhaul capacityﬁ and delay, respectively.

SFor practical scenarios, the development of sophisticated models for the communication delay over a shared
backhaul link is a non-trivial task due to the complicated interactions between the routing algorithm and the other
network functions (e.g. scheduling, buffering) [41]. This issue is outside the scope of this paper and left for future
work. Similar to the existing work in [41], our current paper studies joint data compression and computation offloading
in a hybrid fog-cloud computing system where we assume that a fixed backhaul communication capacity is allocated
to each user. A fixed backhaul capacity allocation was also assumed in several recent works including [41], [47] [116].
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6.3 Optimal Algorithm Design for Data Compression at only Mo-
bile Users

6.3.1 Problem Transformation

To gain insight into its non-smooth min-max objective function, we recast (P;) into the following

equivalent problem:

(P2) min 1 (6.6a)
s. t.  Ex <n,Vk, (6.6D)

(6-56) — (6.5,

where 7 is an auxiliary variable. (P3) is a MINLP problem which is difficult to solve due to
the complex fractional and bilinear form of the transmission time and energy consumption, the
logarithmic transmission rate function, and the mix of binary offloading decision variables and
continuous variables. Conventional approaches usually decompose the problem into multiple sub-
problems which optimize the offloading decision and the computing and radio resource allocation
separately as in [I5, 40] or relax the binary variables as in [36l [37]. These approaches can obtain

only sub-optimal solutions.

To solve the problem optimally, we first study how to classify the users into two sets, namely,
a “locally executing user set” which is the set of users executing their applications locally, and an
“offloading user set” which is the set of users offloading their applications for processing at the
fog/cloud server. This classification is important because, in all constraints of (P), the optimiza-
tion variables corresponding to the locally executing users are independent from the optimization
variables of the other users. Hence, the decisions for the locally executing users can be optimized by
decomposing (P2) into user independent sub-problems which can be solved separately. The optimal
algorithm is developed based on the bisection search approach where in each search iteration, we
perform: 1) user classification based on the current value of 7 using the results in Theorem be-
low; 2) feasibility verification for sub-problem (Pg) of (P2) corresponding to the offloading user set
B; and 3) updates of lower and upper bounds on 7 according to the feasibility verification outcome.

The detailed design is presented in the following.
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Algorithm 6.1. Optimal Joint Data Compression, Offloading, and Resource Allocation (JCORA)
1: Initialize: Compute n}CO,Vk € K asin , choose €, assign n™" = 0, n™> = m}gx(n}f), and set
BOOL = False.
2: while (n™> — ™" > ¢) & (BOOL = Fulse) do
3 Assign 7 = (max + 7min)/2, and then define sets A = {k|nl°® < n} and B = K/ A.
4:  Check feasibility of (Pg) as in Section [6.3.3]
5. if (Pg) is feasible then n™> =5, BOOL = True, else n™" = n, BOOL = Fulse, end if
6: end while

6.3.2 User Classification

Let A and B be the locally executing and the offloading user sets, respectively. We further define
any pair of sets (A, B) satisfying B = K\ A as a user classification. By defining

Qo) = wion(fi) e + wicn/ i, (6.7)

and Q5 = Upep i, then for a given classification (A, B), problem (Ps) can be tackled by solving
two sub-problems (P4) and (Pg) for the users in sets A and B, respectively, as follows:
P min
(Pa) {fi keam 7
st (CAO): Quo(fY) <n,Vk € A,

(CA2) : /T < f < F™™ Wk € A,

(Pg) min 7
QB:”

s. t. ‘m' : Zp < n,Vk € B,
(6.56) — (6.54), V& € B.

Note that the variable set §2;  corresponding to user k in A becomes { f}'} since we have s} =1
and the other variables can be set equal to zero when user k executes its application locally. In
such a scenario, =) can be simplified to QO o(f;). To attain more insight into the user classification,
we now study the relationship between optimization sub-problems (P4) and (Pg) in the following

lemma.
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Lemma 6.1. |Z| We denote the optimal values of (P2), (Pa), and (Pg) asn*, 0%y, and ng, respectively.
Then, we have
1. n* < max(n’y,ng) for any classification (A, B).

2. The merged optimal solutions of (P4) and (Pg) are the optimal solution of (P2) if
" = max(n, 73)- (6.8)
3. If B' C B, then we have nj < ng.

Considering Lemma instead of solving (P2), we can equivalently solve the two sub-problems
(P4) and (Pg). Moreover, a classification (A, B) is optimal if the condition in holds. The
optimal solution of (P 4) can be obtained as described in Proposition while solving (Pg) requires

a more complex approach which will be discussed in Section [6.3.4]

Proposition 6.1. [°| The optimal objective value of (P4) can be expressed as n%j = maxpecA 77}5,

where 77}€° is defined as

O Do) i R e LT ]
M = . (6.9)
min (Qk,o( ), Qk,o(F,;“aX)>, otherwise,

where f,:j’min = ¢ /TP and fi*° =/w] /(2wEay).

Based on the results in Lemma [6.1] and Proposition [6.1], the optimal user classification can be
performed as described in the following theorem.
Theorem 6.1. If n* is the optimum objective value of problem (Ps), then an optimal classification,

(A*,B*), can be determined as A* = {k|nl° < n*}, and B* = K\ A*.

Proof. The proof is given in Appendix O

"Due to the space constraint, the proof of Lemma is given in the online technical report [129].
8Due to the space constraint, the proof of Proposition is given in the online technical report [129].
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Find fi™

) Feasibility Sol P-
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Find d}? (Solve (Prv,5))
(Solve (P4)k)

Figure 6.3 — Relationship between the (sub)problems when solving (P;) by the JCORA algorithm.

6.3.3 General Optimal Algorithm Design

The results in Theorem are now employed to develop an optimal algorithm for solving (P2) by
iteratively solving (P4) and (Pg) and updating (A, B) until the optimal (A*, B*) is obtained. The
general optimal algorithm is presented in Algorithm In this algorithm, we initially calculate 77}€°
for all users in IC as in . Then, we employ the bisection search to find the optimum 7* where
min

max are iteratively updated until the difference between them

upper bound 7 and lower bound 7
becomes sufficiently small, (Pg) is feasible, and the sets A and B do not change. At convergence,
the optimal classification solution can be obtained by merging the solutions of (P4) and (Pg).
The optimal solution of (P4) can be determined using Proposition and the verification of the
feasibility of (Pg) is addressed in the following. The relationship between the (sub)problems when

solving (Py) is illustrated in Fig. [6.3

6.3.4 Feasibility Verification of (Pj)

In order to verify the feasibility of (Pg), we consider the following problem

. f ]
(Pev.y) min ,ggfk s. t. (6.6, (6.5b), (6.5d) — (6.57)).

This problem minimizes the total required computing resource of the fog server subject to all
constraints of (Pp) except (6.5¢). Let G, be the objective value of problem (Prv,)- Then, the
feasibility of (Pp) can be verified by comparing G*B,n to the available fog computing resource Ffmax,

In particular, problem (Pp) is feasible if Gz | < F fimax - Otherwise, (Pg) is infeasible.

We propose to solve (Pry,) as follows. First, recall that there are two possible scenarios for
executing the tasks of the users in set B (referred to as modes): Mode 1 - task execution at the
fog server, i.e., s‘; = 1; Mode 2 - task execution at the cloud server, i.e., sf, = 1. In addition, the

fog computing resources are only required by the users in Mode I and the backhaul resources are



168

only used by the users in Mode 2. Considering these two modes, a three-step solution approach is
proposed to verify the feasibility of sub-problem (Pg) as follows. In Step 1, the minimum required
fog computing resource of every user is determined by assuming that it is in Mode 1. This step is
fulfilled by solving sub-problem (P3)y for every user k, see Section In Step 2, the minimum
required backhaul rate for each user is optimized by assuming that it is in Mode 2. This step can
be accomplished by solving sub-problem (Py), for every user k, see Section In Step 3, using
the results obtained in the two previous steps, problem (Pry ) is equivalently transformed to a

mode-mapping problem, see Section [6.3.4.3]

6.3.4.1 Step 1 - Minimum Fog Computing Resources for User k € BB

If the application of user k is executed at the fog server, the minimum fog computing resource

required for this application, denoted as f,:,’rq, can be optimized based on the following sub-problem:

(Ps)i min st sk =1, (6.68), (6.50), (6.5f)x — (6.5R)x, (6.5)x,
2,k

where Qg = {w}, fi, f,g, Py, pr.}, (6.60)k, (6.58)k, (6.5f)x—(6.5h)x, and (6.5j))x denote the respective
constraints of user k corresponding to (6.68), (6.50), (6.5f) — (6.5A4), and (6.57). In sub-problem

(P3)1, the WEDC function Zj, consists of posynomials and other terms involving log(1+ Py f0). We
can convert Z into a convex function via logarithmic transformation as follows. When 52 =1, all
variables in set €23 ;, must be positive to satisfy constraints (C0) and ; therefore, we can employ
the following variable transformations: @Y = log(w}), f¥ = log(f¥), ff = log(ff), P. = log(P:),
and pr = log(pr). With these transformations, the objective function and all constraints of (Ps)g

except r and (6.57)x are converted into a linear form while the total delay and the WEDC in
(6.57) % and ¢ can be rewritten, respectively, as

bine_‘:’}:_ﬁk
T, = b — + Qk.1, (6.10)
log <1 + ﬁkvoepk>

w5+ pre

- + wpag Q2 + wy Ik, (6.11)
log (1 + ﬁk,gepk)
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Algorithm 6.2. Feasibility Verification of (Pg)

1: Solve (Ps3), to find fi, Vk € B, as in Section 6.3.4.1

2: Solve (Pa), to find d,,Vk € B, as in Section [6.3.4.2

3: if Ik such that sf + s¢ =0 then

4:  Return (Pg) is infeasible

5: else

6:  Solve (Pry,y) to find G, as in Section [6.3.4.3

i G, <F fmax then Return (Pg) is feasible, else Return (Pg) is infeasible end if

8: end if
where

_ fu —f13+71§?25’2) g <_f£+72?2‘:}z>

Q1 = (Ck,o + 72,0712?3)3 Tk + ’Yllcj,o’Ylf;?le( + (Ck,l + 72,072?3)8 i+ ’713,071(3,61‘3

Fu 2]?1: +72?2a}luc>
Qk2 = (Ck,o + 72,0712?3) el + 7%,0712?1‘9( :
The convexity of (P3)y is formally stated in the following proposition.

Proposition 6.2. Sub-problem (Ps3)i is convex with respect to set QQ,kqu, where l~k = wp + pr and

QQ,k = {(DE, f]lgja f]ia kaﬁk}
Proof. The proof is given in Appendix O

Based on Proposition [6.2] we can apply the interior point method to find the optimal solution
QE,k = {@p*, f, i, b, pr) of (P3)x [1]. The optimal solution Q5 = {wis fi" i, Py oord
can then be obtained from ngk. If (P3), is infeasible, we set 32 = 0. It is noted that f,’;* is also the

value of f,z’rq.

6.3.4.2 Step 2 - Minimum Allocated Backhaul Resource for User k € B

If the application of user k is executed at the cloud server, the minimum backhaul capacity for
transferring its application to the cloud server, denoted as d,';q, can be determined by solving the

following sub-problem:

(Pa)k min  di s.t.  sg=1,(06.60)k, (6.50)k, (6.5f)r—(6.5A)%, (6-57]x-
Qg,xUdi\ ff
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Similar to (P3)g, (P4)r can be converted to a convex problem via logarithmic transformation;

thus, we can find the optimal point d};'. If (Ps)y is infeasible, we set s§ = 0.

6.3.4.3 Step 3 - Feasibility Verification

With the obtained values f,z’rq and d, problem (Ppy,,) can be transformed to

(Prv.n) n&l)in B,y (Q3) = Z(l — si)f,?rq
3 keB

s. t. Y sidy < D™ 55 € {0,1},
keB
where Q3 = {s%|k € B} for a given 7. In fact, (Pry ) is a “0-1 knapsack” problem [29], which can
be solved optimally and effectively using the CVX solver. If Ggm < Ffmax combining the set of
all solutions of the (P3)i’s, (P4)r’s, and (Prv,,;) yields a feasible solution of (Pg) for this value of

n. Hence, (Pp) is feasible in such scenario. The feasibility verification of (Pg) is summarized in

Algorithm

6.3.5 Optimal JCORA Algorithm to Solve (P,)

Based on the results presented in the previous sections, the solution of (P2) can be found by
employing Algorithm and the (Pp) feasibility verification presented in Algorithm [6.2] The

optimality of the obtained solution is formally stated in the following theorem.

Theorem 6.2. The integration of Algorithm into Algorithm yields the global optimum of
MINLP (Py).

Proof. Algorithm verifies the feasibility of (Pg) for any given value of ng = n. Therefore, if
Algorithm employs Algorithm (P2) is solved optimally. Note that after convergence, the
optimal variables are given by the optimal solution of (Ps)y, if sf,. = 1 or (Py); if s§ = 1 where the

values of the sf’s and s§’s are the outcomes of (Pry ). O



Chapter 6. Joint Data Compression and Computation Offloading in Hierarchical Fog-
171
Cloud Systems

6.3.6 Complexity Analysis

We analyze the computational complexity of the JCORA algorithm (Algorithm is integrated
into Algorithm in terms of the required number of arithmetic operations. In Algorithm the

while-loop for the bisection search of 1 requires logQ("ma%) iterations. To verify the feasibility of

(Pp) for a given 7, the convex problems (Ps); and (Py); can be solved by using the interior point
method with complexity O(m%/ 2(m1 + mg)m3), where my is the number of equality constraints,
ma represents the number of variables [I31], and O denotes the big-O notation. It can be verified
that (Ps); and (P4) have the same complexity. On the other hand, the knapsack problem (Pry )
for |B| users can be solved by Algorithm in pseudo-polynomial time with complexity O(v1|B]),
where vy is determined by the coefficients in (Pry ;) [29]. Moreover, (Ps3); and (P4)r can be solved
independently for all users k € B; therefore, the complexity of each bisection search step can be
expressed as [B|O((P3)x) + |B|O((Pa)i) + O(Prv,y) = O(12|B|), where vo = 1/ +2m}/2(m1 +mg)m3.

Consequently, the overall complexity of the JCORA algorithm is O(logQ(”ma%)ng ), i.e., |B] <
K.

6.4 Data compression at Both Mobile Users and Fog Server

We now consider the more general case where the fog server also performs data compression before
transmitting the compressed data over the backhaul link to the cloud server. This design option
can further enhance the performance for systems with a congested backhaul link. The backhaul
compression ratio is defined as wf, = b/ bZUt’f where bZUt’f stands for the number of bits transmitted
over the backhaul link. Note that if bZ“t’f = bZ“t’“, then no data compression is employed at the
fog server, which corresponds to the design in Section Hence, Mode 2 in Section is
equivalent to the scenario that the task is executed at the cloud server without data compression
at the fog server. However, the fog server can re-compress the data before transmitting it to the
cloud server for processing, which is referred to as Mode 3 in the following. Denote s]' as the
binary variable indicating whether or not data compression is performed at the fog server for user
k (si' =1 for data compression, and s’ = 0, otherwise). Then, we have sz, =1 if user k is in Mode

1; s7 = 1if user k is in Mode 2; s = 1 if user k is in Mode 3. In this general case, constraints
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Figure 6.4 — Relationship between the (sub)problems when solving (P{“).

(6.5d)) and (6.5€) can be rewritten as

s¥ st 88, sM € {0,1},Vk € K, (6.12a)

s¥ 4 i+ 5L+ s =1,Vk e K, (6.12D)

Then, the computational load for compression and the output data corresponding to Mode

co,f .
3 can be modeled as czo’f = 7,270 'y,zfl’f(w,ff)wk!? + ’y,i?éf and bZ“t’f = b /wl, respectively, where

f f . o . .
'y,fC 0 7,201’ ,fyzoé € R, are positive numbers. Here, we have additional constraints for the compression
ratio at the fog server as

wh € [wh™" WwhmX) vk e K. (6.13)

Then, the total computational load for user k£ at the fog server becomes é‘;c = 52 (c;ﬂ + cze’”> +
skm(czo’f—i-cze’”), and the computing time at the fog server is ffL , = ¢/ ff. Moreover, the transmission
time incurred by offloading the data of user k from the fog server to the cloud server can be rewritten
as fg} = (sgbzm’” + sy bZ“t’f> /di. Then, the total delay for completing the computation task of user
k is given by 1), = tik —i—tg’k +ff17k +f‘;}k + (s§, + s7") T, and the WEDC becomes Sp = w,;er +w,§£k.
Then, constraint is rewritten as

Tj, < T2, (6.14)

With the additional variables s}’ and w};,Vk € B, the extended versions of problems (P;) and

(P2) can be stated, respectively, as

(PP min  max Zj
1 m f k
Qluk {sk 7wk}

s. t.  (6.50), (6.5d), (6.57)—(6.57), (6-124)), (6.128), (6.13), (6.14).
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Pt min
(P5) QU (s JUn
st Z, <, (6.16a)

(6.59), (6.50), (6.57)— (6.53), (6.12d)), (6.128), (6.13), (6.14).

The main challenge for solving the extended problem in comparison to the original one comes
from the users in Mode 3. These users require both fog computing and backhaul resources. To solve
the extended problem, we employ the general solution approach presented in Section [6.3] but modify
the feasibility verification for (Pg). In particular, Algorithm is used to determine sets A and B
for a given 7 and we update 1 using the bisection search method. The results in Theorem [6.1] are
still applicable for the extended problem. In the following, we propose several techniques for dealing

with Mode 3 and verify the feasibility of user classification for a given 1 in Step 4 of Algorithm [6.1]

For a given 7, (Pg®) is obtained by adding 1) to (Pg) and replacing Zx and T}, by = and
ext

Ty, respectively. To verify the feasibility of (Pg*), a similar three-step solution approach as for (Pg)

is employed. In Steps 1 and 2, f,z’rq and d;q which correspond to the users in Mode 1 and 2 are

optimized by solving (P3)r and (P4); as in Sections [6.3.4.1) and [6.3.4.2], respectively. In Step 3, we
P y g P Y P 9,

first investigate the network resources required by the users in Mode 3, modify problem (Pry ) to
adapt it to the extended problem, and solve that problem to verify the feasibility. Three different

methods for this extended problem will be proposed as follows.

In the first approach, we represent f;’rq of user k in Mode 8 as a function of d by employing
a piece-wise linear approximation (PLA) method. Based on this approximation, we transform
(Prv,) into a standard mixed-integer linear programming (MILP) problem, (PE\%;), which can be
solved effectively by using the CVX solver. In the other two approaches, we directly deal with
the modified problem (PFT\%\;) without approximating f;;’rq of user k in Mode 3. To cope with
this challenging MINLP problem, we first reduce the optimization variable set by exploiting some
useful relations among the variables. Then, two algorithms are proposed to solve the resulting

problem for the remaining variables. Omne algorithm is based on a one-dimensional search for

the Lagrangian multiplier, see Section [6.4.2.1] while the other algorithm iteratively updates the
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Algorithm 6.3. PLA-based Feasibility Verification for (Pg®)

Initialize: L, n

Compute f,z’rq and d,:q for all k € B as in Step 1 and 2 of Algorithm

Define ko = (d,;q —eq)l/L, Vk € B,l=0: L.

Compute f,i’rq (diy). If f;:;q(dkl) is unbounded then Remove point dj; end if.

777
Compute Ay, By, and then solve (7?,':3\'7?7) to get optimal value GZ%A* of (79,':3\'7?7).

if @2";?* < Ffma then Return (PgY) is feasible, else Return (PgY) is infeasible end if

Lagrangian multiplier, see Section|6.4.2.2] The relationship between the (sub)problems when solving
(P£) is illustrated in Fig.

6.4.1 Piece-wise Linear Approximation based Algorithm (PLA)

After determining the minimum computing and backhaul resources, f,i’rq and d,:,q, required in Modes
1 and 2, respectively, one can set di, € (0, d,:;q) for the users in Mode 3. We now study the relationship
between f,g and d, in Mode 3 where user k demands both fog computing resources for re-compression
and backhaul capacity resources. Towards this end, we determine the required fog computing

resources for a given dj, € (0,d}) by solving the following problem:

P min  ff
( dk) QgﬁkU{w};} k

s. t. s =1, (6.16a)k, 650k 650k — 657k, 614, 6.13)k

Let f,zz;?q(dk) be the optimal solution of this problem, which can be obtained by employing the

logarithmic transformations described in Section[6.3.4.1] However, finding a closed-form expression

for .F,Z’;q(dk) is not tractable.

Hence, we propose to employ the “Piece-wise Linear Approximation” (PLA) method to divide
the original domain into multiple small segments such that f;z;q(dk) can be approximated by a
linear function in each segment. Suppose that the interval [e4, d)) —€g] is divided into L segments of

lth

equal size, where ¢4 is a very small number compared to d;cq, e.g, ¢ = 1. Specifically, the [*" segment

corresponds to interval [dy,;, dji41], where di; = (dj'—€q)l/L is a point such that f;’;q (dk,;) and the
value of the approximated function at this point are equal. Then, we can approximate .7-",2’:7(‘ (dy) as
A f - f f

Fin (Vk, Uk) = S0 (kg Ag + g Bry) , where Ay = (FUit(daga) = FLdr) ) /(dian — diy),
By, = f,:’;]q(dk,l) — Apadi g, Vi = {vgy, 1 =0,1,...,L -1}, Uy, = {ug,;,1 =0,1,..., L — 1}, and contin-
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uous variable vi; and binary variable uy; satisfy the following constraints:
L-1
sy =Y upy < 1,VkeB, (6.17)
=0
ug i) < vgg < ugi1deg+1, VREB, L = 0,1, ..., L—1. (6.18)

Then, the allocated backhaul resources due to user k in Mode 3 are rewritten as sj'dy= ZZLQOI Vg 1
Therefore, problem (Pry ), which is used to determine the minimum total required fog computing

resources for all users, is modified in this extended case as follows:

PR OB () = X (s AL 000)
3

keB
.t st s, upy € {01}, VE, 1, (6.19a)
L-1
up ey < vpg < upgp1dieggr, Yk (6.19c)
L-1
> ien <Zl:0 Uk + s;d;f> < D™, (6.19d)

where (23 = Uken (sz, Usi UU; U Vk) and constraints (6.19al), (6.19bf), and (6.19¢|-(6.19d) are
the transformed constraints of original constraints (6.124d)), (6.120), and (6.5¢)), respectively. This

transformed problem is an MILP problem, which can be solved effectively by using the CVX solver.
The PLA based algorithm for verifying the feasibility of (Pg®) is summarized in Algorithm which
can be integrated into Algorithm to solve (P§<). It is noted that if the value of f;::]q(dm) is

unbounded for a given dy, ;, this infeasible point is removed when applying the PLA based algorithm.

6.4.2 Two-stage Solution Approach (TSA)

In this section, two two-stage algorithms are developed by exploiting the fact that the decompression
computational load (and therefore, the associated energy consumption) is almost independent from
the compression ratio as can be seen in Fig.[6.2] This implies that for a given 7, the optimal values
fis wi, Py, and py for mobile user k are similar for both 32 = 1 and s = 1. Hence, in the first
stage, after solving (Ps3)r and (Py)i, Vk € B, introduced in Section we can set these variables
to the corresponding optimal solution of (Ps3)y, denoted as f,;’*l, wzj‘l, p?l, and pz’l. In the second

stage, we find the remaining variables pertaining to the fog server 0y = Ukeg{sz, 8%, sy di, f,g, wL}



176

by solving the following problemﬂ

(PR min GEAQ) = 3 (sT AL+ skA™)

keB
bout,f co,f de,u
s. t. s,’?( Z + (e ) < Vg0, (6.20a)
k fk
> (spdy + spdyy) < D™, (6.20b)

keB

(6.12d), (6.120), (6.13),

where vy o = min{(n — Zg1)/wl, T — Tp1} + (ck1 + cge)/f,:,’rq —T¢, and Eg; and T are the
optimal values of = and T}, in (Ps3), respectively; is determined by the time delay constraint
as Tp < min(T{", (n — wEé,)/w]) which is equivalent to constraints and - This
constraint captures the fact that an application should be offloaded to the cloud server if the
resulting WEDC is smaller than that achieved when the application is executed at the fog server
and the delay constraint is not violated. Because (PTSA) is a difficult MINLP problem, we
tackle it by reducing the set of variables based on the results in the following three propositions. In
particular, Propositions are introduced to respectively rewrite variables f,f;, w,z, and dy, for
all k as functions of the remaining variables. Subsequently, two algorithms are proposed to solve
for the remaining variables, one based on a one-dimensional search of the Lagrangian multiplier,

and the other one based on an iterative update of the Lagrangian multiplier.

Proposition 6.3. For any value of di’s satisfying , the optimal solution of f,g in (P,:Té/,;) can

~co,f
( co, f+c(,j€e u) wkdk |:’Yk 1 (wk) 2 +'Y]cco3

_ —_ m f f _
be determined as fk = sk Sy spHo (wk, dk>, where Hy (wk, dk> = Voo Aot} ,

~co,f f co,f de,u

Vi1 —'Yko’Ym; a”d’Ykg —’Yk07k3 tc¢

Proof. When s' = 1, the left-hand side of |i is inversely proportional to f};; thus, f,i is

minimized if users spend the maximum possible resources. O

9We note that by reducing the number of optimization variables in (PFV n) the complexity of the resulting algo-
rithms for feasibility verification of (Pg®) is lower than that of the PLA based algorithm.
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Proposition 6.4. When s =1 and dj, > dk 1, the optimal value of wk, denoted as wk , 1S given

as follows:

wlrcnax f’ Zf 72021: < ouU {fyz,oéfzo, Jk,l <dk < Jk,Q}a
wi' = inV(Hl (d’“»a i3 > 0,dia<dy < dis, (020
i 2 0,0 > s,
where Jk’l = b}?/(vk owk) de = H; <wl’:a f) dkg =H <w£m|n>, and inv(?-h (dk)) s the value
~co,f co,f ’Yk 2 ~c0,f
A 'Yk 1bm(’Yk 2+]_) wk +Y 5[)'”

of w,i for which Hy <w£> s equal to dy, and Hq (w£> = e
k,2
~co,f co,f £
Vk,1 Vk,0Vk, 2 (‘”k)

Proof. The proof is given in Appendix O

Based on the results in Propositions and M (PE\%Y) is equivalent to the following problem:

(P.:T\?Qeq) min ) [SITHO (wi*,dk) + st rq}
Q2 peB

s. t. (6.12d)), (6.124), (6.200),

where Q = Uren{sS, sh, sM, di}.

Proposition 6.5. The optimal value of dy, for (PFT\?'?;eq), denoted as dy, is given as follows:

0, if str=1,

dh={d9, if s =1, (6.22)

fx
{dk)\ (aHO(w’“’dk) ) + A= 0}, otherwise,
dp=dp

ody.
where X is the Lagrange multiplier of constraint .

Proof. The Lagrangian of problem (PFT\?:??eq) can be expressed as £(y, \) = Y keB {S,THO (wg*, dk) +

skff rq] + >‘<Zk66 [Sk di, + (1 —sf — 57 )drq} — Dmax). When s = 1, the necessary conditions for

the optimal solution ff *,dy can be obtained by setting the derivatives of £ with respect to these
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Algorithm 6.4. One-dimensional Search Based Feasibility Verification for (Pg®)
initialize: Ay, A =0, Assign (Pg®) is infeasible.
Define 7™ and d' for all k as in Step 2 and Step 3 of Algorithm
repeat 3
Assjgn A =X+ A,. Compute dj  as in 1} and solve (PQ&}ES)A to find Qg%-rs()\).
if GE5T>(\) < F"™ then
Return (Pg®) is feasible; break
end if
until A = \™

variables equal to zero as follows:

OHo (wf* dk>
oc . ko

MDY [sg'dk + (1—32—3?)d,§q} —-D™M* | = 0. (6.24)
keB
Based on (6.23), it can be verified that dj; can be expressed as in (6.22)). O

Lemma 6.2. The gradient 9Ho(wi*, di)/ddy, is a monotonically increasing function of dj.

Proof. The proof is given in Appendix . O

As can be verified, if Gﬂo(wk ,di)/0dy, 4+ A>0, then dj, = di» = 0, sf* = 1 will be the
dp=dy 1

optimal solution. When si™ = 1, A must be positive because 87—[0(wk ,dx)/0dy; is negative for all

dp. With the results in Lemma we can conclude that for a given A, there exists at most one
value of dj, satisfying OHo(w*, di)/0dy, + A = 0. This means if the optimal A is known, problem
(P,:T\?:;“veq) can be solved effectively. Therefore, as described in the following, to solve (P,:T\fzeq),

propose two algorithms: one is based on a one-dimensional search for A, and the other one is based

on iterative updating .

6.4.2.1 One-dimensional \-search based two-stage algorithm (OSTS Alg.)

For a given A, suppose that dj ) satisfies 87—[0(wk ,dy)/0dy, + A = 0. By defining fr\ =

dip=d,

s Pk = Sy pea = 1 — 5, and pp ) = si,(1 — xp), we can find the optimal
di=dg,x
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solution of Ugep{sf, zk, di} by solving the following problem:

0STS 50STS : f
(Pevn™)x Ggn ~(A) = o n > {Sk A+ st
* keB

s. t. Z sg‘,/\dkv)\ +(1- SL’A—SE)\)d];q < D™,
keB

SIT,A’ 52,)\ € {0, 1}a

where si )\ = {sf 2 Sk 1} The above transformed problem is an integer linear programming (ILP)
problem, which can be solved effectively by CVX. Let QOSTS( ) be the optimum of (P,Q\?;S) A, then
we can find the optimum of (PTSAeq) as Ggi’YTs* = miny gg}iiTS(A). Moreover, it can be shown that
when we increase A, all dj y will decrease. Therefore, the maximum value of A is A™® satisfying
”Ho(w,i, dj Amax) > f,i’rq, Vk € B and 5 diamax < D™, Note that we can stop the search process
when there exists a A such that @g?fs()\) < Ffmax_ When the bisection search for  converges, we
can find the optimum A\* = argmin, QL?%TS()\), and the optimal variables sp™ = si\., 82* = 82’)\*,

=1-sM— sk , f = s\ foas + 327/\*]”,2’ and dj, = s y.dga+ + (1-— SEM* - s,';‘,)\*)d,:;q,Vk € B.

The OSTS algorithm for feasibility verification of (Pg®) is summarized in Algorithm

6.4.2.2 Iterative A-update based two-stage algorithm (IUTS Alg.)

This method can solve (PFTS/:‘]eq) with very low complexity via Lagrangian dual updates. Specifically,

the dual function of (PTSAeq) can be defined as G°(\) = ming, L(€4,)), and the dual problem can

be stated as

m/gxg°()\) s.t. A>0. (6.25)

Since the dual problem is always convex, G°(\) can be maximized by using the standard

sub-gradient method where the dual variable A\ is iteratively updated as follows: A\, = |[A,_1 +

keB
the step size, and [a]T is defined as max(0, a). The sub-gradient method is guaranteed to converge

+
6n( > (skm)\nilalk,,\%1 + 55 Anild,:q) —Dmaxﬂ , where n denotes the iteration index, d,, represents

to the optimal value of A for an initial primal point €4 if the step size §,, is chosen appropriately,

e.g., 0p, — 0 when n — oo, which is met by setting d,, = 1/y/n.
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For a given \,, we can determine the primal variable dj , = inv(Ha(\,)). For given A,
and dy, »,, the primal problem becomes a linear program in sy »,,Vk € B, which can be solved
effectively by using standard linear optimization techniques. Moreover, the vertices in this problem
are the points where the si) s, 82,7)\”78, and 527/\71’8 are either 0 or 1. Thus, solving the relaxed
problem will also return binary values 0 or 1. However, once the sk”:)\n’s, Sz’)\n’s, and Si)\n ’s take
values of 0 or 1, the decision on the application execution location (fog or cloud) may be trapped
at a local optimal solution such that the required fog computing resources cannot be updated
to improve the solution. To overcome this critical issue, the gradient projection method can be
adopted to slowly update variables s,’:)\n’s, 3‘,;7)\71 ’s, and 82,/\”’8 as s,&nﬂ) = Pg, (s,(:) — SVS,(:)) ,
where s,(cn) = [s,’:/\n, 82’/\”, 52,/\"]7 5 is the step size, Vs,(cn) = [7{0(0.)};*, din,) + Andian, s )\nf,i’rq, Andy],
and Py, (.) is the projection onto the set &} = {sk\sk >0, SL,ATL + St T Sk, < 1}. Finally, it

can be verified that this iterative mechanism always converges [30].

6.4.3 Complexity Analysis

The overall complexity of the PLA algorithm for solving the extended problem (P$*) is

min

) (KO((Pa)w) + LEO((P)w) + O(PEYS)) .. |B| < K.

max

n
logy(

Moreover, for given B, (PFP\';{;) is an NP-hard problem, solving it via an optimal exhaustive search

entails a complexity of O(Q(LH)'B‘), which is upper bounded by O(Z(L‘H)K).

The proposed two-stage IUTS and OSTS algorithms for solving the extended problem have

ax _

an overall complexity of logQ(M) (KO((Pg)k) + KO((Pa)r) + O(P;&f;)), ie, |B| < K. In

Section |6.4.2.1} for given B, problem (PQ&;S) » can be transformed to a standard knapsack problem
as in [29], 