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Abstract. As a new computing paradigm, edge-device collaboration is
able to reduce the task execution delay for the devices with limited
energy. However, deterministic delay guarantee is unavailable due to
the random task arrivals and time-varying channel fading. This paper
proposes to study the task execution delay of edge-device collaboration
from the probabilistic view of point. Specifically, an optimization prob-
lem is formulated with objective of minimizing the proportion of tasks
that are not served in time. Then, a general delay violation probabil-
ity for stochastic system is derived, based on which, the task execution
delay violation probability at local device and that at the edge server
are obtained respectively. Thereafter, the optimization problem can be
transferred into a tractable one where task offloading proportion and
task offloading rate can be jointly optimized. The effectiveness of the
proposed scheme is finally validated by extensive numerical simulations.

Keywords: Edge-device collaboration · Stochastic delay guarantee ·
Task offloading · Resource allocation

1 Introduction

With the rapid development of 5G techniques, communication and computing
at the edge has become a new trend in the current network [1–3]. Edge-device
collaboration is able to makes full use of the advantages of local computing and
fast edge computing, such that various types of tasks can be executed efficiently.
Therefore, edge-device collaboration reveals its huge potential in different fields,
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such as industrial Internet, smart city, intelligent transportation and intelligent
medical treatment [4–6].

In addition to advantages, there are some challenges in practical edge-device
collaboration. On one hand, the processing capability of a device is limited,
which may not meet the requirements of delay sensitive tasks, especially when
task load is heavy [7]. On the other hand, though edge server has relatively high
processing capability, the limited wireless bandwidth becomes the bottleneck of
edge computing [8]. Thus, how to assign tasks to the device and edge server
to execute is critical for an efficient edge-device collaboration system. However,
as task arrivals and wireless channel are time-varying, task offloading may fail
sometime, which brings additional difficulty in the optimization of edge-device
collaboration [9].

In the literature, edge-device collaboration has been widely concerned. The
existing research on edge-device collaboration mainly considers the optimization
of the overall performance of the system, such as energy efficiency, computational
efficiency and resource utilization. In [10], computational efficiency maximiza-
tion problem of wireless mobile edge computing (MEC) networks was studied
under partial and binary computing offloading modes, where an energy harvest-
ing model was considered at the device side. In [11], task offloading and resource
allocation among multiple users served by a base station was studied. With con-
sideration of limited resources, mobility of UE and task delay requirements, a
scheme was proposed to obtained the trade-off between service delay and energy
consumption. Work [12] designed a game theory based deep reinforcement learn-
ing (DRL) algorithm to maximize the energy utility of a network where users
may refuse to disclose their network bandwidth and preference information. In
order to realize reliable computing offloading of delay sensitive services in Inter-
net of Vehicle, a scheme was proposed for an edge-device collaboration system
[13]. In [14], a two-stage joint optimization model was studied to maximize the
energy efficiency of an edge-device collaboration system. Work [15] also consid-
ered the system reliability and used a double time scale mechanism to minimize
the energy consumption of users. However, there are some shortcakes in the
existing researches of edge-device collaboration. Firstly, existing studies assume
that the task arrivals are deterministic. Hence, the schemes proposed by those
studies are not appropriate to the scenario where tasks are randomly generated.
Secondly, perfect instantaneous channel information is assumed to be available
in those works, which are not reasonable in practical network. Thirdly, existing
schemes are based on time block, meaning that a policy is optimized and carried
out in a short time, which brings heavy overheads to the system. In summary,
how to guarantee the stochastic delay performance of task in an edge-device
collaboration is still an open problem.

Motivated by this, we focus on an edge-device collaboration system where
the randomness of task arrivals and that of wireless channel are both taken into
account. We aim to serve as many tasks as possible under a given delay require-
ment. The formulated optimization problem is regard to the task allocation
and offloading rate configuration. The violation probability of task execution is
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derived at the local device side and edge server respectively. Thereafter, a two-
dimension search approach is proposed to obtain the optimal edge-device collab-
oration decision. Numerical results verify that the proposed scheme is effective
and the task execution delay can be guaranteed from the statistical point of
view.

The remaining of this paper is organized as follows. Section 2 introduces the
system model. In Sect. 3, performance analysis as well as system optimization are
conducted. In Sect. 4, numerical results were presented, compared and discussed.
Finally, Sect. 5 concludes the paper.

Fig. 1. Task execution in edge-device collaboration manner.

2 System Model

As depicted in Fig. 1, we consider a single-server-single-device edge-device col-
laboration scenario where the random arrival tasks can be executed by the local
device directly or uploaded to the edge server to execute based on first-in-first-
out (FIFO) manner. The task arrival process at the device side is assumed to
follow Poisson distribution with average rate λ. The packet length of each task
is constant and denoted by L. Due to the limited energy of device and the time-
varying channel fading, in order to reduce the task execution delay, some tasks
should be executed locally and some should be offloaded to the edge server.
Here, we use α (0 ≤ α ≤ 1) to denote the edge-device collaboration parameter,
representing the proportion of task offloaded to the edge server. According to
the superposition of Poisson process, the task arrival process at the device side
and that at the edge server side both follow Poisson distribution with average
rates (1 − α)λ and αλ respectively.

In regard to task offloading process, the small-scale fading gain of the chan-
nel, denoted by h(t), is assumed to follow Rayleigh distribution with envelope
probability density function

g|h|(x) = 2xe−x2
. (1)
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Let p denote the transmission power of the device, l denote the distance between
the device and the edge server, ζ denote the path loss constant, ϕ denote the
path loss factor, W denote the uplink bandwidth, N0 denote the power spectral
density of white Gaussian noise. The instantaneous channel capacity for task
offloading at time t hold as

C(t) = W log2

(
1 +

pζl−ϕ|h(t)|2
N0W

)
, (2)

Additionally, as instantaneous channel state is usually unavailable to the local
device, it is practical for the device to upload tasks with a fixed rate. Typically, a
task is considered to be transmitted successfully if R ≤ C(t), otherwise, the task
offloading fails. Hence, with a given task offloading rate R, the instantaneous
channel fading parameter for successful task offloading should hold as follows

R ≤ W log2

(
1 +

pζl−ϕ|h(t)|2
N0W

)

�

|h(t)| ≥
√

N0W

pζl−ϕ

(
2

R
W − 1

)
Δ= δ,

(3)

where δ denotes the threshold of channel fading gain, beyond which the task
offloading is successful. As a result, the probability of successful task offloading
PON and that of failure task offloading POFF can be obtained as

PON= Pr{|h(t)| ≥ δ} =
∫ ∞

δ

2xe−x2
dx = e−δ2

, (4)

POFF= Pr{|h(t)| < δ} = 1 − PON = 1 − e−δ2
. (5)

In this paper, we use D(t(i)) to denote the execution delay of the i-th task
arriving at time t. Besides, the maximum tolerance delay is denoted by d. As
mentioned before, deterministic delay guarantee is unavailable to the considered
system. Hence, the aim of this paper is to minimize the proportion of tasks that
are not served under the delay requirement. Let N denote the number of tasks.
The optimization problem can be formulated as follows

min
R,α

lim
N→∞

N∑
i=1

I{D(t(i))>d}

N

s.t. 0 ≤ α ≤ 1
R > 0

, (6)

where I{D(t(i))>d} is the indicator function. If the execution delay of the ith task
exceeds the maximum tolerable delay d, there holds I{D(t(i))>d} = 1, otherwise,
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I{D(t(i))>d} = 0. The challenge of solving problem (7) lies in characterization of
the proportion of tasks that do not meet the delay requirement. In what follows,
we use deal with the optimization problem with the help of network calculus
theory.

3 Performance Analysis

As the task arrival process is Poisson distributed and the wireless channel is
Rayleigh distributed, the task arrival process and task execution process are
both as independently and identically distributed (i.i.d). Hence, if the considered
system is stable, the delay violation probability suffered by each task is identical.
Consequently, we have

min
R,α

lim
N→∞

N∑
i=1

I{D(t(i))>d}

N

= min
R,α

lim
N→∞

αN∑
i=1

I{De(t(i))>d} +
(1−α)N∑

i=1

I{Dl(t(i))>d}

N

=α Pr{De > d} + (1 − α) Pr{Dl > d}

(7)

Here, Pr{De > d} and Pr{Dl > d} denote the delay violation probabilities of the
tasks executed by the edge server and device respectively. Therefore, problem
(7) can be transferred to the following problem

min
R,α

α Pr{De > d} + (1 − α) Pr{Dl > d}
s.t. 0 ≤ α ≤ 1

R > 0

. (8)

To deal with problem (8), we need to derive the delay violation probability of
the tasks executed at the device and at the edge server respectively.

3.1 General Delay Violation Probability

In this section, we first derive a general delay violation probability for a sys-
tem with both i.i.d arrival and i.i.d service processes. Let A(s, t) and A∗(s, t)
denote the cumulative arrivals and cumulative departures of a system during
time (s, t]. And let S(s, t) denote the cumulative service capacity during time
(s, t]. According to network calculus theory [16], we have

A∗(0, t) = inf
0≤s≤t

{A(0, s) + S(s, t)}. (9)
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As for any d ≥ 0, there always holds {D(t) > d} ⊆ {A(0, t) > A∗(0, t + d)}, we
then have

Pr{D > d} ≤ Pr{A(0, t) − A∗(0, t + d) > 0}
= Pr{A(0, t) − inf

0≤s≤t+d
{A(0, s) + S(0, t + d − s)} > 0}

= Pr{ sup
0≤s≤t

{A(s, t)} − S(0, t)} > S(0, d)}.

. (10)

We then let
Vs = eθ(A(t−s,t)−S(t−s,t))

Yk = A(k − 1, k)
Zk = S(k − 1, k)

. (11)

There holds

Vs+1 = eθ(A(t−s−1,t)−S(t−s−1,t))

= eθ
∑t

k=t−s (Yk−Zk)

= Vse
θ(Yt−s−Zt−s).

(12)

Because the task arrival and system service processes are independent of each
other and both have independent and identically distributed increments, there
holds

E [Vs+1 |V1, V2, · · ·, Vs ]
= E [Vs+1 |Yt, Yt−1, · · ·, Yt−s+1 , Zt, Zt−1, · · ·, Zt−s+1]
= E

[
Vse

θ(Yt−s−Zt−s) |Yt, Yt−1, · · ·, Yt−s+1

]
=E [Vs |Yt, Yt−1, · · ·, Yt−s+1 ]E

[
eθYt−s

]
E

[
e−θZt−s

]
= VsE

[
eθA(0,1)

]
E

[
e−θS(0,1)

]
(a)

≤ Vs,

(13)

Here, step (a) holds since the considered system is stable. Hence, V1, V2, ···, Vs

constitute a nonnegative supermartingale [17,18], we can then obtain the general
delay violation probability as

Pr{D(t) > d}
= Pr{ sup

0≤s≤t
{eA(s,t)−S(s,t)} > eS(0,d)}

≤ Pr{ sup
1≤s≤t

{Vt−s} > eS(0,d)}
≤ Pr{V1 > eS(0,d)}
(a)

≤ E[e−θS(0,d)]E
[
eθA(0,1)

]
E[e−θS(0,1)]

(b)

≤ E[e−θS(0,d)]

(14)

Here step (a) holds based on Chernoff boundary. In step (b), we apply the system
stability. More specific, the following equation holds for a stable system.

E[eθA(0,1)]E[e−θS(0,1)] ≤ 1 (15)
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where θ is a free parameter. According to (14), delay violation probability
decreases as θ increases. Hence, optimal θ can be obtained as

θopt = max{θ : E[eθA(0,1)]E[e−θS(0,1)] ≤ 1} (16)

Based on (14) and (16), the delay violation probability of the tasks executed
at the device and at the edge server can be further derived respectively.

3.2 Local Execution Delay Performance

Let λl denote the task arrival rate for the local execution, and there holds λl =
(1 − α)λ. Besides, let Al(s, t) and Sl(s, t) denote the cumulative arrivals and
cumulative service capacity of at the device side during time (s, t]. We then have

Sl(s, t) =
fl

k
(t − s), (17)

where fl denotes the CPU frequency of the device and k denotes the required
cycles for executing one bit of each task. Therefore, the delay violation proba-
bility at the device side holds as

Pr{Dl > d} = Pr{Dl(t(i)) > d}
≤E[e−θlSl(0,d)]

=e−θl
fl
k d

(18)

Here, as the task arrival process is Poisson distributed, we have

E
[
eθlAl(0,1)

]
=

∞∑
n=0

E
[
eθlAl(0,1) |N(t) = n

]
Pr{N(t) = n}]

=
∞∑

n=0
E

[
eθlAl(0,1) |N(t) = n

]
e−λl

λn
l

n!

=
∞∑

n=0
E

[
eθlnL

]
e−λl

λn
l

n!

= e−λl

∞∑
n=0

(λle
θlL)n

n!

= e(1−α)λ(eθlL−1).

(19)

Thus, the optimal free parameter θl holds as

θoptl = max{θl : E[eθlAl(0,1)]E[e−θlSl(0,1)] ≤ 1}

= max{θl :
(1 − α)λ(eθlL − 1)

θl
≤ fl

k
}

(20)

3.3 Edge Execution Delay Performance

As the task processing capacity of the edge server is much more powerful than
that of the device, we only consider the task offloading delay as the task execu-
tion delay at the edge server. Let λe denote the task arrival rate for the local
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execution, and there holds λe = αλ. Besides, let Ae(s, t) and Se(s, t) denote the
cumulative arrivals and cumulative service capacity of at the edge server during
time (s, t]. As tasks can only be offloaded successfully when R < C(t), we have

Se(t − 1, t)

{
= R, R ≤ C(t)
= 0, R > C(t)

(21)

Therefore, the delay violation probability at the edge server holds as

Pr{De > d} = Pr{De(t(i)) > d}
≤E[e−θeSe(0,d)]

=(e−θeRPON + POFF)d

, (22)

where PON and POFF can be obtained from (4) and (5) respectively.
Similar to (19), we also have

E
[
eθeAe(0,1)

]
= eαλ(eθeL−1). (23)

Thus, the optimal free parameter θe holds as

θopte = max{θe : E[eθeAe(0,1)]E[e−θeSe(0,1)] ≤ 1}
= max{θe : αλ(eθeL − 1) ≤ − ln(e−θeRPON + POFF)}

(24)

3.4 Problem Solution

From (18) and (22), problem (8) can be further transferred into a tractable one

min
R,α

α(e−θeRPON + POFF)d + (1 − α)(e−θl
fl
k d)

s.t. 0 ≤ α ≤ 1
R > 0

. (25)

The above problem can be solved through two-dimension search. Note that
the system optimization is from the statistical view of point, which means it is
applied to long-term edge-device collaboration. Thus, it is reasonable to apply
two-dimension search though such approach has a high computation complexity.

4 Results

Simulation results are provided and discussed in this section. And we use MAT-
LAB to carried out the simulation experiments. Different activation factors and
contention intensity are considered in the simulation. The simulation parameters
are set as Table 1.

The value of the average transmission rate is related to the user’s transmission
rate, and the relationship is shown in Fig. 2. And it depicts that there is an
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Fig. 2. Relationship between average transmission rate and user’s transmission rate.
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Table 1. Simulation parameters

Symbol Value

Wireless channel bandwidth W 100 kHz

Noise power N0 1 × 10−17 W

Transmission power of device p 0.1 W

Distance between device and edge server l 10 m

Task arrival rate λ 15 packets/s

Size of each task package 1 × 105 bits

CPU frequency of device f 1 × 109 cycles/s

Number of cycles required for 1 bit data processing k 1 × 103 cycles

Maximum tolerable delay d 0.5 s

Path loss 10−3l−3

optimal transmission data rate R = Ropt to maximize the average transmission
rate of the channel R̄. From Fig. 2, we can get Ropt= 1.34 × 106 bit/s.

Figure 3 shows the relationship between local and offloading delay violation
probabilities and task offloading proportion. For local computing, the local delay
violation probability decreases with the increase of task offloading proportion.
The delay violation probability of edge computing increases with the increase of
task offloading proportion. This is because with the increase of task offloading
proportion, more tasks are allocated to the edge server for processing, which
increases the load of wireless channel and is difficult to guarantee the delay
requirement. On the contrary, with the increase of task offloading proportion,
the number of tasks left for local processing gradually decreases, and the delay
violation probability of local devices becomes smaller and smaller under the
condition of the same computing frequency. It can be seen from Fig. 3 that there
is an optimal task offloading proportion of 0.50 to minimize the average delay
violation probability.

Figure 4 is the relationship between the offloading violation probability and
the delay requirement at three transmission rates. It can be seen from the
figure that with the increase of delay demand, the offloading violation proba-
bility decreases exponentially, and the delay guarantee reliability also increases.
Moreover, when the transmission rate is smaller, the offloading violation proba-
bility is smaller. This is because the smaller the transmission rate, the less likely
it is to exceed the capacity of the channel, thus the greater the probability of
transmission success and the smaller the probability of offloading violation.

Figure 5 shows the influence of task offloading rate on the probability of offload-
ing violation under different delay requirements. When the time delay require-
ment is 0.6 s, the violation probability under different offloading rates is the lowest
among them. The reason is that the lower the delay requirement, the less the vio-
lation of task delay occurs, that is, the smaller the probability of offloading failure.
It can be seen from the figure that there are optimal task offloading rates under
different delay requirements, and the delay violation probability is the minimum.
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5 Conclusions

In this paper, stochastic delay guarantee was studied in an edge-device col-
laboration system. The task execution delay violation probability at the local
device and that at the edge server were derived respectively. The task allocation
and task offloading rate were jointly optimized to minimize the proportion of
tasks that could not be served in time. The effectiveness of the proposed scheme
was finally validated by extensive numerical simulations. Since this paper only
considers a single-node-single-server scenario, the future research will pay more
attention to a multi-node-multi-server scenario, where edge-device collaboration
is more complex.
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