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Abstract—This work deals with the task offloading problem for
multiple cellular edge devices in a multi-access edge computing
(MEC) infrastructure attached to a base-station (BS). In order
to minimize the overall task computing-communication delay
through coping with time-varying cost and constraint functions
with unknown statistics on-the-go, we propose a novel distributed
bandit optimization (DBO) algorithm which runs based on
the projected dual gradient iterations and a single broadcast
communicating the MEC states to the SDs at the end of each
time-slot. To track the performance of the proposed online
learning algorithm over time, we define a dynamic regret to
assess the closeness of the underlying delay cost of the DBO to a
clairvoyant dynamic optimum and an aggregate violation metric
to evaluate the asymptotic satisfaction of the constraints. We
derive lower and upper bounds for dynamic regret as well as an
upper-bound for the aggregate violation and show that the upperbounds are sub-linear under sub-linear accumulated hindsight
variations. The simulation results and comparisons confirm the
effectiveness of the proposed algorithm in the long run.
Index Terms—Online learning, dynamic regret, aggregate
violation, projected dual gradient, multi-access edge computing.

I. I NTRODUCTION
The emerging architecture of multi-access edge computing
(MEC) can extend cloud computing to the edge of the network
to enable ultra-low latency execution of delay-sensitive and
computation-intensive applications at various smart devices
(SDs) like smartphones and tablet-PCs with limited computation and energy resources [1]. These applications include
gesture and face recognition, mixed reality, 3D modelling,
online gaming and internet of things (IoT) networks for smart
homes and cities. Billions of SDs are estimated to be deployed
in near future, which are in need of MEC to reduce delay
and energy consumption [2]. However, devising online control
mechanisms to achieve this goal is challenging due to the
natural exposure of SDs to highly dynamic environment with
unpredictable amount of arriving tasks, different CPU-cycle
frequency of SDs, varying transmission power, transmission
rate between SDs and MEC servers and different computing
intensities required by various applications.
Using the Markov process for modelling the task offloading
decisions, the authors in [3] have proposed a stochastic optimization approach to schedule the computation tasks based on
the queueing state of the task buffer, the execution state of the
local processing unit, as well as the state of the transmission
unit in order to minimize the average delay. In [4], the
problem of computation offloading and resource allocation in

a cellular network with mobile edge computing and caching
capability is formulated in a single optimization problem and
solved in a distributed manner using the alternating direction
method of multipliers. Although, the resulting decisions in
[3] and [4] are optimal over the current decision making
time-interval, their optimality over a long time-horizon cannot
be ensured due to time-varying task arrivals, instantaneous
computation intensities and the random nature of wireless
links. Authors in [5], propose a centralized iterative algorithm
based on a successive convex approximation technique to
optimize mobile users’ pre-coding matrices and the computing
resource. Authors in [6], develop a potential offloading game
framework and propose a decentralized offloading algorithm
for multiple users in a multi-channel setting. However, works
in [5], [6] assume the channel state information is known
before making decisions.
In this paper, we develop a distributed online learning algorithm to be executed at individual SD to control the amount of
data to be processed locally or offloaded to the MEC servers
installed at the cellular base station (BS) in order to minimize
the overall network delay under the constraint of queue
stability in the entire network over a long-time horizon. To this
end, we formulate an online bandit optimization problem with
the time-varying cost function and the time-varying constraint
function for the dynamic network environment. To solve this
problem without any prior information, we propose a novel
strategy based on projected dual gradient iterations at SDs and
a single broadcast of MEC servers’ states by the BS at each
time-slot. Then, two metrics, i.e., the dynamic regret and the
aggregate violation of constraints, are developed to assess the
performance of the proposed online approach. By analytically
proving, the two performance metrics are both sub-linear
under the sub-linear accumulated hindsight optimum variation.
Experimental results indicate that our approach can achieve
lower network delay in the long run as well as lower battery
consumption at SDs compared to the celebrated stochastic
dual gradient (SDG) algorithm.
The rest of the paper is organized as follows. Section II
introduces the system model from SDs to the MEC platform.
In Section III, the optimization problem and two performance
metrics, i.e., dynamic regret and aggregated violation, are
developed. In section IV, the online offloading algorithm
based on distributed bandit optimization and the performance
analysis are presented. Simulation results will be shown in

Section V. Finally, the conclusion is given in Section VI.
II. S YSTEM M ODEL
The MEC platform equipped with a number of N servers,
that is installed in the BS assists a number of M smart devices
(SDs) to execute offloaded computation-intensive tasks to
facilitate not only faster processing speed in collaboration
with the SDs but also help to reduce the battery consumption
at SDs. Let the sets M = {1, ..., M }, N = {1, ..., N }
and T = {1, ..., T }, respectively, denote the indices of SDs,
the indices of MEC servers and the discrete time-slots. The
amount of data received by the mth SD at time-slot t is bm
t
in bits. The SDs share a total bandwidth of W Hz using the
Frequency Division Multiple Access (FDMA) scheme.
The amount of locally processed data at the mth SD is
denoted by dm
t (bits). The computation intensity of the mth
SD at time-slot t, which can be considerably variant among
the SDs due to the different types of received tasks, is denoted
by wtm (cycles per bit). Denoting the CPU-cycle frequency of
the mth SD at time-slot t as cm
t (cycles/sec) and its maximum
delay at time-slot
as cm
u , we can express the local processing
m
dm
t wt
.
)
=
t in the mth SD as ftm (dm
m
t
ct
Let us denote the amount of offloaded data by the mth
SD to the nth MEC server at time-slot t as amn
(bits),
t
the CPU-cycle frequency of the nth MEC server at timeslot t as cnt (cycles/sec), which cannot exceed its maximum
value cu (cycles/sec). We assume independent and identically
distributed (i.i.d) frequency-flat block fading channel between
the mth SD and the MEC server with small scale fading
power gain of γtm at time-slot t. Hence, the channel power
gain from the mth SD to the MEC server at time-slot t can
θ
m
be expressed as hm
t = γt q0 (l0 /lt ) , where q0 is the pathloss constant, l0 is the reference distance, lt is the distance
between the mth SD and the MEC server in the tth timeslot, and θ is the path-loss exponent. Hence, the transmission
rate rtm (bits) for computation offloading by the mth SD at
time-slot t can be expressed according
tom Shannon-Hartley
pm
tr,t ht
), where W is
formula as rtm = φm
W
log
(1
+
2
t
φm
t W N0
channel bandwidth, N0 is the noise power spectral density
at the BS, pm
tr,t is the transmission power generated by the
mth SD, hm
t is the channel power gain from mth SD to the
MEC server, φm
t is the proportion of bandwidth allocated to
>
the mth SD. Let φt = [φ1t , ..., φM
denote the bandwidth
t ]
allocation vector for M SDs, which should
chosen from
Pbe
M
m
a feasible set so that B = {φt ∈ RM
|
+
m=1 φt ≤ 1}.
Hence, the transmission
delay at time-slot t can be expressed
PN
mn
mn mn
n=1 at
as ftr,t (at ) =
. Similarly, the computation delay
rm
t

z n wn

n
is given by fex,t
(ztn ) = tcn t , where wtn is the computation
t
intensity for the arriving tasks at the nth MEC server. Thus,
the aggregate delay for tasks offloading is given by
M
M X
N
N
m
X
X
X
dm
amn
ztn wtn
t wt
t
mn n
ψt (dm
+
+
.
t , at , zt ) =
m
m
ct
r
cnt
m=1
m=1 n=1 t
n=1
(1)
III. P ROBLEM F ORMULATION

Let the collective decision variables dt
=
M >
11
mn
MN >
[d1t , · · · , dm
,
·
·
·
,
d
]
,
a
=
[a
,
·
·
·
,
a
,
·
·
·
,
a
]
t
t
t
t
t
t

Fig. 1. A graph of online resource allocation between SDs and the MEC
servers. Per time-slot t, the mth SD receives the arriving workload bm
t and
stores them in the queue qtm . Then, the workload in the queue qtm will
be allocated to locally process dm
amn
t and offload to the MEC servers
t ,
P
mn
∀n ∈ N . The nth MEC server receives the amount of workload M
m=1 at
M +n
and stores them in the queue qt
. Finally, the nth MEC server executes
the amount of ztn out of the workload in its queue qtM +n , which are recorded
by local controller (LC).

and zt = [zt1 , · · · , ztn , · · · , ztN ]> , respectively, denote the
amount of data scheduled to be processed locally at the SDs,
the amount of data to be offloaded to the MEC servers, and
the amount of data to be executed by the MEC servers. Then,
let us collect these variables within a compact decision vector
 . . >
x defined as x = d> ..a> ..z> , such that x is selected
t

t

t

t

t

t

from a fixed and known convex set X ∈ RM +M N +N . The
individual decision variables are upper-bounded such that
mn
m
≤ au and ztn ≤ zun , ∀m, n, t, where dm
dm
u , au
t ≤ du , at
n
and zu indicate the upper limits for the computing capability
of the mth SD, transmission capacity and the computing
capability of the nth MEC server, respectively. Similar to xt ,
let the compact vector xu stack the upper-bound values of
the collective decision variables dt , at and zt . The overall
system graph is shown in Fig. 1.
 .. > .. > >
In the sequel, let us define ct = c>
=
l,t .cr,t .cm,t

 1
.
.
>
where jtm =
jt , · · · , jtM ..kt11 , · · · , ktM N ..u1t , · · · , uN
t
wtm
mn
= r1m , mn = 1, ..., M N and
cm , m = 1, ..., M , kt
t

t

wn

unt = cnt , n = 1, ..., N . The aggregate delay cost that collects
t
the local processing delays, the transmission delays and the
computing delays in MEC servers in the network at time-slot
t can be written as
ψt (xt ) = c>
t xt .

(2)

We assume each of SDs and servers has a buffer to store the
.
unserved data. Let qt = [qt1 · · · qtM ..qtM +1 · · · qtM +N ]> , where
qtm and qtM +n are the existing amount of unserved data in the
queues of the mth SD of the nth MEC server, respectively.
Then the dynamic queue over time-slots can be expressed as

qt+1 = PRM +N qt + bt + Axt ,
(3)
+

where PR+ {.} indicates the projection of the argument vector
>
on the positive real quadrant, bt = [b1t , · · · , bM
t , 0, · · · , 0]
and A is the incidence matrix that captures the flow of
information in the overall network, consisting of all workloads
arriving at SDs, the offloaded data from the SDs to the
MEC server and processed outgoing workloads from the MEC

servers. Let S = {1, .., M } ∪ {(m, n), ∀m ∈ M, ∀n ∈
N } ∪ {1, ..., N } be the set of all data flow links, consisting
of SDs’ self-connecting links, the links connecting the SDs
to the MEC servers and the outgoing links from the MEC
servers. Let also the nodes, i.e., the SDs and the servers, be
expressed as the set I = {1, ..., M } ∪ {1, ..., N }. Then, the
(M + N ) × (M + M N + N ) incidence matrix A with the
(i, s)th entry can be expressed such that A(i,s) = 1, if the
link s enters the node i, A(i,s) = −1, if the link s leaves the
node i, and 0, otherwise. Note that i ∈ I indicates the index
of a node and s ∈ S indicates the index of a link.
In order to assure that all arrived data are served over the
time horizon T , i.e., by the end of time-slot T , we should have
qT +1 = 0 for any initial queue state of q1  0. Furthermore,
(3) implies the recursion qt+1  qt +bt +Axt for any t, e.g.,
one can write bT + AxT  qT +1 − qT for t = T + 1. Hence,
by successive application of this recursion in the downwards
direction for t = T , we can equivalently express (3) as
T
X

(bt + Axt )  qT +1 − q1  0,

(4)

t=1

while assuring that all the arrived data workload at SDs are
served by the end of time horizon T . Next, we formulate an
online optimization problem over the time horizon T as
min

xt ∈X ,∀t

s. t

T
X

T
X

ψt (xt ) =

T
X

c>
t xt

gt (xt ) =

t=1

T
X

(bt + Axt )  0,

(5)

t=1

where the cost and the constraint are time-varying functions
over the time horizon T . At each slot t, a solver of (5)
chooses a solution xt ∈ X and applies as the current decision
at the beginning of time-slot t. Then, the random nature
of the network responds to that action by revealing a cost
function ψt (.) and introducing a constraint function gt (.),
which enforces queue stability in the entire network.
However, due to the unknown and time-varying parameters,
the constraint function gt (xt ) is unknown at the beginning
of time-slot t when the allocation decision of xt is made.
Hence, it is impossible to ensure the constraint gt (xt )  0
is satisfied instantaneously per time-slot. Hence, we quantify
the aggregate violation of constraints, expressed as,
VT = PRM +N

T
nX

+

RT =

T
X

ψt (xt ) −

t=1

T
X

ψt (x∗t ),

(7)

t=1

where x∗t = arg minx∈X ψt (x) s. t gt (x)  0, ∀t ∈ T are
the dynamic optimum in hindsight strategies per time-slot,
while {xt }Tt=1 are the bandit decisions for the online strategies
over the time-slots.
Remark 1. The dynamic regret RT defined in (7) is
different from
PTthe static regret
PT defined∗ as, e.g., in∗ [7],
Rstatic
=
ψ
(x
)
−
=
t
t
T
t=1 ψt (x ), where x
PTt=1
arg minx∈X t=1 ψt (x) s. t. gt (x)  0, ∀t . In static regret,
PT
the comparator, i.e., t=1 ψt (x∗ ), is defined as the static
optimum in this paper and x∗ is the fixed optimum decision
from the feasible area X over the entire time horizon. Due to
the time-varying nature of the underlying cost and constraint
functions, the static regret may be a too optimistic measure
in capturing the dynamic nature of a realistic environment, as
compared to the dynamic regret in (7). Since, the performance
of the clairvoyant P
in dynamic regret
always better than the
Pis
T
T
static regret, i.e., t=1 ψt (x∗ ) ≥ t=1 ψt (x∗t ), the dynamic
regret is a more aggressive metric than the static regret in the
sense that the designs based on the latter metric may lead to
an unrealistic result in practical scenarios [8].
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D ELAY M INIMIZATION

t=1

t=1

by a Genie to the decision maker, we define a dynamic regret
RT over time horizon T as

In this section, we develop an online solution to problem
(5) so that VT and RT are both sub-linear with respect to T .
A. Algorithm development
To develop an online network resource allocation algorithm
that minimizes the overall delay, we rewrite problem (5) per
time-slot t, as follows
min ψt (xt ) = c>
t xt

xt ∈X ,∀t

s. t

gt (xt ) = bt + Axt  0.

(8)

The problem in (8) is convex, because the cost function is
linear with respect to xt , and the constraint function is affine
with respect to xt . Hence, the solution to problem (8) can be
found by solving its max-min problem, expressed as
max min Lt (x, λ)

+N x∈X
λ∈RM
+

o
gt (xt ) ,

2

(6)

t=1

where VT is the aggregate violation over time horizon T . Furthermore, the cost function is a function of random quantities,
i.e., computational intensity, the CPU capability and channel
condition, which are unknown at the beginning of time-slot
t to the decision maker and will be revealed at the end of
the time-slot duration. Hence, to quantify the violation of the
solution to problem (5) with respect to a dynamic optimum in
hindsight solution where all random parameters are revealed

= max min ψt (x) + λ> gt (x) −
+N x∈X
λ∈RM
+

δαkλk
,
2

(9)

+N
where λ ∈ RM
stacks the Lagrange multipliers associated
+
2
with the time-varying constraints, δαkλk
is the regularizing
2
term inserted to avoid getting large values for λ and ensuring
numerical stability of the solutions [9]. The parameters α and
δ are, respectively, constant scaling factor and step size. The
convex cost and constraint functions in (8) are only revealed at
the end of each time-slot and, hence, ψt (xt ) and gt (xt ) are
unknown at the beginning of each time-slot t, which could

be completely different from the previous ones, ψt−1 (xt−1 )
and gt−1 (xt−1 ). Therefore, to solve the problem in (9), we
use projection gradient descent to choose the primal variable
xt+1 followed by a projection gradient ascent to determine the
corresponding dual variable λt+1 as functions of the decisions
made in time-slot t, as follows
xt+1 = PX {xt − α∇>
x Lt (xt , λt )},

+

1  ∗
2
2
kxt − xt k −kx∗t − xt+1 k
2α

1 
2
+α2 ∇x Lt (xt , λt ) +
kλ − λt k
2µ
2
2
.
−kλ − λt+1 k + µ2 ∇λ Lt (xt , λt )
(12)

Lt (xt , λ) − Lt (x∗t , λt ) ≤

(10)

>
>
where ∇>
x Lt (xt , λt ) = ∇ ψt (xt ) + ∇ gt (xt )λt = ct +
>
A λt and


λt+1 = PRM +N λt + µ∇λ Lt (xt , λt ) ,

+N
Lemma 1. For any time-slot t, λ ∈ RM
and x∗t ∈
+
arg minx∈X ψt (x) s. t gt (x)  0, we have

(11)

where µ is a positive step size, ∇λ Lt (xt , λt ) = gt (xt ) −
δαλt = bt + Axt − δαλt . The proposed DBO algorithm is
summarized in Algorithm 1.
Algorithm 1 DBO for Online Computing Resource Allocation
1: Initialize: the primal iterate x0 = 0, the dual iterate λ0 =
0, the proper step sizes α and µ, the scaling factor δ.
2: for t = 0, 1, 2, ..., T do
3:
Compute the primal variable xt+1 by (10),
4:
The cost and workload are revealed,
5:
Compute the dual iterate λt+1 by (11).
6: end for

Proof: Based on the convexity and concavity of online
Lagrangian and non-expansive property of the projection
operator, the Lemma 1 can be proved.
Lemma 2. The result of Lemma 1 over the entire time horizon
can be expressed as
T
X
t=1

Lt (xt , λ) −

T
X
t=1

Lt (x∗t , λt ) ≤

1
1 2 1
2
R + RVxT∗t +
kλk
α
α
2µ

+T (αG2 + µD2 ) + [α(2M + 1) + µδ 2 α2 ]

T
X

2

kλt k .

t=1

(13)
Proof: The proof is omitted due to page limitation.
Theorem 1. The dynamic regret is bounded by
1 2 1
R + RVxT∗t + T (αG2 + µD2 ), (14)
α
α

P
T
is termed as the accumuwhere VxT∗t = t=2 x∗t−1 − x∗t
lated hindsight optimum variation, between the consecutive
time-slots.
−RGT ≤ RT ≤

B. Performance analysis
In the sequel, we show that the resulting online solutions
achieve both sub-linear RT and VT . To this end, we first make
the following three remarks:
Remark 2. The cost function ψt (x) has a bounded gradient
on X for each time-slot t, that is, there exists a constant G > 0
such that ∇ψt (x) ≤ G, ∀x ∈ X .
Proof: From (2), we can write ∇ψt (x) = ct . This
completes the proof, because ct contains parameters quantifying the computation intensity of the tasks, the CPU cycle
frequencies and the channel parameters (See Sec III ) that are
all bounded values.
Remark 3. There exists a constant R such that kxk ≤
R, ∀x ∈ X .
Proof: As described in Sec III, the feasible area of x is
X = {0  xt  xu }, where xu contains the parameters
quantifying the computing capability of the SDs and the
servers as well as the transmission capacity that are all
bounded values.
Remark 4. There exists a constant D such that gt (x) ≤
D, ∀x ∈ X .
Proof: The proof follows from Remark 3, the SDs’
bounded arrival rate values stacked in bt and the incidence
matrix which is fixed for a given network structure.
Then, we introduce the following two Lemmas:

Proof: Leveraging Lemma 2 results and expanding the
terms using the upper-bounds, one can obtain the proof after
some algebra.
Theorem 2. The aggregate violation is upper-bounded by
h
2VxT∗t R
2R2
VT ≤ 2δT R2 +
+ 2δT VxT∗t R +
+ 2δα2 T 2 G2
αµ
αµ
2αT G2
2RGT i 12
+
+ 2αµδT 2 D2 + 2T D2 + 2αδT 2 RG +
µ
µ
(15)
PT Proof: Using the ∗lower bound of the dynamic regret, i.e.,
t=1 [ψt (xt ) − ψt (xt )], in Theorem 1 and rearranging the
terms, one can get the proof.
Theorem 1 and Theorem 2 show that the upper bound of
RT and VT depends on the constants defined in our remarks,
the pre-selected scaling factor, the primal and dual step sizes
and the accumulated hindsight variation.
Corollary 1. Letting the primal and the dual step sizes be
2
1
equal according to α = µ = βR√T = O(T − 2 ) where β =
√
R G2 + D2 , one can express the upper bound of RT as
√
√
β T VxT∗t
1
RT ≤ 2β T +
= O(T 2 VxT∗t ),
(16)
R

and the upper bound of the aggregate violation as
√
h
2β 2 T VxT∗t
2T T βG
2
VT ≤ 2δT R +
+ 2δT VxT∗t R +
3
R
√ R3
2 4
2δT G2 R4
2δT
D
R
2δT
T
R
G
+
+ 2T G2 +
+
2
2
β
β
β
q


2 i1

1
2β
T
2
T , T 43
2
+ 2T D2 +
=
O
max
T
V
. (17)
∗
x
t
R2
Proof: The proof can be given by plugging the selected
step sizes into (16) and (17) and rearranging the terms.
Corollary 1 states that if VxT∗t is sub-linear as VxT∗t = o(T ),
then VT is sub-linear over the time horizon. Furthermore, if
1
VxT∗t is sub-linear as VxT∗t = o(T 2 ), both of RT and VT achieve
sub-linear upper-bounds over the time horizon.
C. Distributed Bandit Optimization (DBO) for Online Computing Resource Allocation
By leveraging the structure of the network, DBO algorithm
can update each individual SD device’s action and each MEC
server’s action in a fully decentralized way to ensure both of
delay minimization and queue stability, which is summarized
in Fig.2. The mth SD device updates its two actions (locally
process action and offloading action) and performs the dual
update at time slot ht, expressed as
idm
u
m
m m
m
dm
=
d
−
α(∇f
(d
)
−
λ
)
(18)
t+1
t
t
t
t
0
h
iau
mn
mn mn
n
amn
− α∇ftr,t
(at ) + α(λm
, ∀n ∈ N
t+1 = at
t − λt )
0
(19)
h
i+
X
m
m
m
m
mn
λt+1 = (1 − µαδ)λt + µ(bt − dt −
at ) , (20)
n∈N

where the cost functions for locally
processing and offloading
dm
u
are defined in Section II, [ · ]0 = min{dm
u , max{· , 0}},
[ · ]+ = max{· , 0} and α is a positive step size. Similarly,
the nth MEC server’s action update and dual update are
h
izun
n
n
zt+1
= ztn − α(∇fex,t
(ztn ) − λnt ) ,
(21)
0
h
i
X
+
λnt+1 = (1 − µαδ)λnt + µ(
amn
− ztn ) ,
(22)
t
m∈M

where the cost function for the server’s execution is defined
in Section II and µ is also a positive step size. Intuitively, the
n
dual variables, i.e., λm
t+1 in (20) and λt+1 in (22), increases
when the instantaneous
service residual increases, e.g., when
P
m
mn
bm
≥
(d
+
a
t
t
n∈N t ), and the value of dual variables
m
decreases
when
over-serving
occurs, e.g., when bm
t ≤ (dt +
P
mn
n∈N at ). Hence, the dual variables can be interpreted as
a penalty that acts as a control variable to adjust the amount
mn
of local processing dm
t , the amount of offloading at , and
n
the amount of data executed at servers zt .
V. S IMULATION R ESULTS
We assume M = 10 SDs are located at an equal distance of
150m from N = 5 servers. The wireless channel bandwidth
is W = 10MHz. The transmission power pm
tr,t is ranged
from 50mW to 150mW with uniform random distribution.
The bandwidth allocation is assumed as equal distribution,
i.e., φm
t = 1/M, m ∈ M. The noise power spectral density
is N0 = −174dBm/Hz. The small-scale fading channel

DBO Algorithm
SD

MEC

mn
m
Initialize dm
0 , a0 , ∀n ∈ N , λ0
α, µ and δ.

Initialize z0n and λn0 , ∀n ∈ N
α, µ and δ.

Calculate and perform SD’s
mn
actions dm
t+1 and at+1
by (18) and (19), respectively

Calculate and perform
n
the server’s action zt+1
by (21)

Observe the local cost and
the workload bm
t+1

Observe the local
cost and
PM
the workload m amn
t+1

Calculate λm
t+1 by (20)

Calculate λnt+1 by (22)

Broadcast the channel information
and λnt+1 , ∀n ∈ N to all SDs

Fig. 2. The diagram of DBO algorithm for each SD and each server.

power gains are exponentially distributed with unit mean, i.e.,
γtm ∼ Exp(1), m ∈ M. We consider the channel gain is
m
m θ
hm
t = γt q0 (l0 /lt ) , where l0 = 1m is the reference distance,
m
lt = 150m is the distance between the mth SD and the BS,
q0 = −40dB and θ = 4. The CPU-cycle frequency of SDs
n
(cm
t ) and the MEC servers (ct ) are randomly and independently chosen from 1GHz to 2.5GHz and 3.5GHz to 5GHz,
respectively, with uniform distributions. The upper limits of
the computing capabilities of the SDs follows dm
u = 40Mbits
=
45Mbits
for
m
∈
{4, 5, 6} and
for m ∈ {1, 2, 3}, dm
u
=
50Mbits
for
m
∈
{7,
8,
9}.
The
upper
limits of the
dm
u
computing capabilities of the MEC servers follows zu =
90Mbits for n ∈ {1, 2, 3} and zu = 110Mbits for n ∈ {4, 5}.
The transmission capacity is au = 30Mbits. The arrival rate
m
{bm
t , ∀m, t} and the computation intensity {wt , ∀m, t} are
uniformly and independently distributed within [10, 50] Mbits
and [500, 5000] cycles/Mbit, respectively.
In simulations, one of the benchmarks is the stochastic dual
gradient (SDG) referred to as an intimate or subset scheme
to the Lyapunov approach in the stochastic optimization [10].
To have a fair comparison against our online algorithm that
does not require non-causal information, we have slightly
modified the original SDG algorithm that requires look-ahead
knowledge of the computation intensities of the incoming
tasks, i.e., wtm , and the data arrival rates, i.e., bm
t , in order
to operate based on the causally available information only,
as is the case for the proposed algorithm. We name the
modified SDG as the online SDG and abbreviate as the OSDG
in the simulation results. In addition to this, the proposed
algorithm DBO is benchmarked by the static optimum, the
dynamic optimum and the SD-only, i.e., without offloading
computation resource to the MEC servers.
A comparison of results in Fig. 3 shows that the aggregate
violations of DBO, SD-only and OSDG fall in the same
range during the first 3000 time-slots, but after that the DBO
performs better by approaching very close values to zero over
the longer time horizon. Furthermore, OSDG requires higher
computational ability and longer time to deal with a convex
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time-horizon T for dynamic optimum, SD-only, OSDG and DBO.

program. Thus, DBO achieves lower computation complexity
and lower aggregate violation compared with OSDG. Clearly,
Fig. 4 demonstrates that the time-average network delay of
DBO is higher than that of the dynamic optimum method
which is in hindsight, but it shows better performance than
the OSDG and the SD-only in the long term. Note that the
performance comparison of the static optimum used in the
static regret with the dynamic optimum used in the dynamic
regret in Fig. 4 shows that the former performs much poorly in
a dynamic network environment. This also confirms the result
in Remark 1 stating that the static regret may be too optimistic
to be used with time-varying cost and constraint functions as
it may lead to an unrealistic performance analysis. In Fig. 5,
it can be observed that the growing rate of the dynamic regret
of DBO is slower than that of SD-only and OSDG.
The aggregate network energy consumption in Fig. 6 reveals
that the DBO requires higher MEC energy consumption than
the OSDG approach, but its SDs’ energy consumption is much
lower than the other schemes, i.e., dynamic optimum and
OSDG. This is due to the fact that the DBO can adaptively allocate more complex tasks to be executed in the MEC servers,
hence, avoiding unnecessary local execution, which implies
that the DBO is much more efficient than the other schemes
in allocating computation-intensive tasks to the servers and
enduring the battery life of the SDs as a result.

We have formulated an online optimization problem to
control the amount of data for local processing at the SDs,
the amount of offloaded data to the servers and the amount of
data to be executed at the servers in a dynamic network environment. We developed a DBO algorithm and found upperbounds for the dynamic regret and the aggregate violation.
We showed that these upper-bounds are sub-linear under
sub-linear accumulated hindsight optimum variations. The
experimental results confirm that the overall network delay of
the proposed DBO algorithm is lower than that of compared
approaches. Although, this improvement comes at the price
of higher energy consumption of the MEC servers, the energy
consumption of smart devices is lower than those of the OSDG
and the SD-only cases. Hence, the DBO can improve both
the overall network delay and the SDs’ energy consumption
performances in the long run, which is an interesting result in
terms of delay-energy trade-off problem in MEC networks.
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