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Abstract. Mobile edge computing has emerged as a new paradigm to
enhance computing capabilities by offloading complicated tasks to nearby
cloud server. To conserve energy as well as maintain quality of service,
algorithms with low time complexity for task offloading is required. In
this paper, a multi-user with multiple tasks scenario is considered, taking
full account of factors including data size, bandwidth, channel state infor-
mation, we propose a distributed unsupervised learning-based offload-
ing algorithm for task offloading, where distributed parallel networks
are employed to guarantee the robustness of algorithm. Additionally, we
exploit a memory pool to store input data and corresponding decisions as
key-value pairs. Based on the experience mechanism, the proposed algo-
rithm can omit the step of data calibration compared with supervised
learning method. To further reduce the communication cost, we ana-
lyze four bandwidth allocation schemes. Results reveal that the channel
state-based strategy cost 3% less than data size-based, mixed and user
size-based. Besides, the proposed algorithm can save 14, 18% cost than
local and edge schemes respectively. Numerous results show that the
proposed algorithm can achieve near-optimal decisions timely as well as
having high reliability.

Keywords: Mobile edge computing · Distributed unsupervised
learning · Energy efficiency · Task offloading

1 Introduction

Since the number of wireless devices has increased dramatically, the wireless net-
work is facing a number of challenges such as mass data, high real-time require-
ment, limited resources and energy consumption. Meanwhile, traditional cloud
computing exposes a lot of problems, such as data block and delay [1]. To solve
problems mentioned above, mobile edge computing (MEC) is emerged to allevi-
ate the task computing at cloud server by migrating the task near to the servers
[2]. The MEC can effectively solve problems caused by massive tasks offloading
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and limited local resources, especially in wireless timely systems such as vehic-
ular communications, augmented reality or virtual reality, so as to maintain the
quality of server. However, a good algorithm with low complexity as well as
robustness for task offloading in MEC systems is required. Meanwhile, the per-
formance of algorithm for MEC network is influenced by many factors, such as
bandwidth, data size, energy harvesting, task priority, etc.

There are mang studies on algorithms for MEC systems. In [3], an algorithm
based on distributed deep learning was proposed, it can generate near-optimal
offloading solution within short time. In [4], Madej et al. analyzed the resources
allocation problem of task scheduling in MEC network, and demonstrated that
the performance of task offloading strategy based on priority is better than the
first come first serve. In [5], the author considered a vehicle network, where
the channel state information feedback is provided with delay, and proposed a
low-complexity algorithm for spectrum and power allocation. In [6], the authors
considered the case of channel with interference, and obtained that the task
offloading strategy is NP hard. Based on game theory, a distributed optimal
algorithm was proposed to reduce the delay. Later, the scenario of energy har-
vesting devices is considered in [7], the authors not only studied the situation
of task offloading, but also analyzed the task dropping strategy. To guarantee
the quality of experience, a dynamic task offloading algorithm based on Lya-
punov was proposed. In [8], by exploiting task buffer, a Lyapunov algorithm was
proposed to optimize resource allocation and improve system performance. In
[9], the problem of non-convex optimization strategy was simplified to a semi-
definite relaxation problem and the sum of energy consumption of multiple users
is quantified. In [10], a joint optimization method based on alternating direction
multiplier method was proposed, which can obtain the optimal solution through
a few iterations. Literature [11] modeled a user with multiple tasks commu-
nication scenario, and proposed an optimal strategy by combining semi-definite
relaxation and heuristic random mapping method, which can make near-optimal
decisions with a few random iterations. In [12], the authors proposed a deep Q-
learning algorithm for multi-user with multiple tasks communication, which can
generate near-optimal offloading decisions by training extensive samples.

From above studies, we found that the MEC network performance was
impacted by all networks parameters, where the works mentioned above only
consider partial parameters. To better analyze the role of multiple factors com-
prehensively, we model a multi-user with multiple tasks scenario, considering
data size, bandwidth, and channel state information factors. Taking advantages
of deep learning in MEC [13], we propose a distributed unsupervised learning-
based offloading (DULO) algorithm. To fix the architecture of network, we set
3 users with 5 tasks as the value of input layers, the number of which is 18.
Thus, the number of output layer is 15. Then, we exploit a memory pool to
store input data and corresponding decisions as key-value pairs. Particularly,
we design parallel networks to ensure the robustness of algorithm. To better
evaluate the DULO algorithm, we use 80% of the samples as training sam-
ples. With thousands of iterations, parameters of networks are fitted based on
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experience mechanism. Additionally, we take the rest of samples as testing sam-
ples to test the performance of a trained model. Experiments show that band-
width allocation based on channel state can achieve 3% cost less than other three
strategies. Besides, the proposed algorithm can save 14, 18% cost than local and
edge schemes respectively, which reveals that DULO can make task offloading
decisions with near-optimal results.

The rest of this paper is organized as follows. In Sect. 2, we introduce the net-
work model and formulate problems. In Sect. 3, we propose a distributed unsu-
pervised learning-based task offloading algorithm. Section 4 presents numerical
results and evaluates the proposed algorithm.

2 System Model

2.1 Network Model

The one-to-many network cell for edge server and wireless devices (WDs) is
shown in Fig. 1. Multiple users offload tasks to the edge server through the
access point (AP). After the edge server completes the execution of a task, the
edge server transmits results back to the corresponding WD. Since the AP and

Fig. 1. Network model.
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the server communicate with each other by using high speed optical fiber, the
communication delay between the AP and the server can be ignored. Under the
constraint bandwidth C of the system, Cn and Hn represent the bandwidth and
channel gain of user n respectively. We denote N = {1, 2, 3, · · · N} as a set of
communication users, where each WD owns M = {1, 2, 3, · · · M} tasks, which
are mutually independent. We use Tasknm to denote m-th task of n-th WD,
and denote dnm as data size. Since offloading decision is a binary decision set,
we use xnm = 1 to represent offloading task to the edge server, otherwise, when
xnm = 0 represents task being executed locally. Aiming to conserve energy and
delay, two sub-models of energy consumption and delay are modeled to simplify
the problem.

2.2 Energy Consumption Model

When Tasknm is executed locally, we denote Eb as energy consumption for per
bit of data processed by local resources. Therefore, the energy consumption El

nm

of Tasknm executed locally is given by

El
nm = Eb × dnm. (1)

When task is offloaded to the server, we denote the energy consumption Et
nm

for Tasknm transmission as

Et
nm = Pn × dnm

Rn
. (2)

Since the task offloading process is affected by the channel state information,
the transmission rate Rn is given by

Rn = Cn × log(1 +
Sn

δn
), (3)

where Sn = Pn ×Hn and δn represents channel noise power of user n. We denote
Pn as the transmitting power provided by the n-th WD, and denote Sn as signal
power of user n. When the task is completed, results are transmitted to the
mobile device. Because the size of results is much smaller than the size of task,
the energy consumption for transmitting back is negligible. Therefore, the total
energy cost Er

nm for Tasknm offloading is given by

Er
nm = Et

nm + Es × dnm. (4)

We use Es to denote as energy consumption for per bit of data processed
by server. When Es = 0, we ignore the energy consumption for sever execution.
Similarly, the delay model can also be divided into local execution and cloud
execution.
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2.3 Delay Model

We denote T l
nm as delay when Tasknm is executed locally. We use Tb to denote

time cost for per bit of data. Thus, the delay of Tasknm for local execution is
given by

T l
nm = Tb × dnm. (5)

When Tasknm is executed by server, time cost T r
nm including transmission

delay and execution delay. We denote transmission delay and execution delay as

T t
nm =

dnm

Rn
, (6)

and
T c

nm =
dnm

Fc
, (7)

respectively, where we denote Fc as the size of data that server can process in
per second. Thus, the total delay when n-th WD decides to offload Tasknm is
given by

T r
nm = T t

nm + T c
nm. (8)

2.4 Problem Formulation

Through analyzing above two sub-models, the total cost for Tasknm is given by

Costnm = (El
nm + T l

nm)(1 − xnm) + (Er
nm + T r

nm)xnm, (9)

where xnm = {0, 1}, ∀n,m. To jointly minimize energy consumption and delay
in MEC communication system, we formulate the problem as

min J(d,h, c,x) =
N∑

n=1

( M∑

m=1

(El
nm(1 − xnm)

+ Er
nmxnm) + max(

M∑

m=1

T r
nm,

M∑

m=1

T l
nm)

)

s.t.

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

N∑
n=1

Cn ≤ C ∀n ∈ N,

Cn ≥ 0 ∀n ∈ N,

xnm = {0, 1} ∀n ∈ N,m ∈ M.

(10)

To solve the problem J , we have to consider variables including decisions,
data size, bandwidth and channel states. The complexity of J mainly depends
on the size of N and M , but an algorithm of low time complexity is required.
Next, we introduce an algorithm based on unsupervised deep learning (Table 1).
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Table 1. Notations

Notation Definition

Tasknm m-th task of n-th user

xnm The decision of Tasknm

dnm Data size of Tasknm

Eb Local energy consumption per bit

El
nm Energy cost of Tasknm for local execution

Es Server energy consumption for per bit

Et
nm Energy cost of Tasknm for transmission

Er
nm Total energy cost of Tasknm for edge processing

Cn Bandwidth allocated to user n

Pn Transmission power of n-th user

Hn Channel gain of n-th user

Fc Edge processing rate

Rn Transmission rate of n-th user

Sn Signal power of user n

δn Channel noise power of user n

Tb Local time consumption per bit

T l
nm Time cost of Tasknm for local execution

T t
nm Time cost of Tasknm for transmission

T c
nm Time cost of Tasknm for server executing

T r
nm Total time cost of Tasknm for edge processing

3 DULO Algorithm

In this section, we employ bandwidth allocation scheme to simplify the complex-
ity of the problem (10) and proposed the DULO algorithm for task offloading,
where distributed unsupervised learning are used to generate near-optimal deci-
sions.

Once bandwidth is allocated, the problem (10) will be simplified, which
affected by variables including decisions, data size and channel states. There
are many proposed schemes on how to efficiently solve the bandwidth alloca-
tion problem, in [14] bandwidth allocation is studied. In this paper, we employ
data-size-based and channel-state-based allocation schemes respectively, which
is given by

Cn = β × dnm∑N
n=1

∑M
m=1 dnm

+ γ × Hn∑N
n=1 Hn

. (11)
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Then, the problem (10) is simplified as

min J∗(d,h,x) =
N∑

n=1

( M∑

m=1

(El
nm(1 − xnm)

+ Er
nmxnm) + max(

M∑

m=1

T r
nm,

M∑

m=1

T l
nm)

)

s.t.

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

N∑
n=1

Cn ≤ C ∀n ∈ N,

Cn ≥ 0 ∀n ∈ N,

xnm = {0, 1} ∀n ∈ N,m ∈ M.

(12)

Since the system has 2NM choices to execute tasks, especially, complexity of
many traditional algorithms grows exponentially as users or tasks increase, it is
NP hard to get the optimal decision. In order to find the optimal solution in
the problem J∗, we try to find a function f(u, v), which satisfies the following
condition

f(dij , hij) = xij , (i ∈ N, j ∈ M). (13)

Deep learning network can solve complicated problems well, therefore, we pro-
pose an algorithm based on deep learning. Supervised deep leaning can fit a
complex function well, especially, it can learn to find high dimensional features
such as image classification. However, it is hard to get massive samples with
labels. Therefore, unsupervised learning algorithm is used, as show in Fig. 2.

Fig. 2. Unsupervised learning algorithm for offloading network.
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We denote data size dij and channel state information hi as input values.
We use xij to denote the output value corresponding to the binary offloading
decision, if xij = 1, it denotes offloading the task to the server, else, it represents
executing the task locally. Concretely, we employ ζk neurons as k-th layer and
ζk−1 neurons as k − 1-th layer, which are fully connected. Then the output of
m-th neuron of k-th layer is formulated as

zk
m =

ζk−1∑

n=1

(θk
nm × zk−1

n + bk
m), (14)

where we denote θk
nm as value of weight of k-th layer, which connects between

n-th neuron of k − 1-th layer and m-th neuron of k-th layer. To formulate the
nonlinear relationship between input and output, we employ relu function to
process the output values of hidden layers, which is given by

yk
m = max(0, zk

m). (15)

Different from relu function, we use the following function to generate binary
values of the output

xij =

{
1, yk

m > 0;
0, yk

m < 0.
(16)

Since it is a network with binary output, we use the cross-entropy function to
optimize parameters by thousands of iterations, as

L(θ) = −xT log(f(d,h)) − (1 − x)T log(1 − f(d,h)). (17)

To better fit the problem J∗ and get the optimal solution, parameters about the
network need to be fitted by backpropagation. The θk

nm at time t+1 is given by

θk
nm(t+1) = θk

nm(t) − η
∂L

∂θk
nm(t)

, (18)

where η denotes the learning rate.
However, it is not a good substitute for J∗ with only one network, and the

cost for training samples is time-consuming. Therefore, we employ I networks
with same architecture but different parameters to ensure the robustness of the
algorithm. Details about distributed unsupervised deep learning algorithm is
shown as in Fig. 3.

At the beginning of training model, the parameter values θ are randomly
initialized. Then we have to create a empty memory pool and set the number
of iterations. As the input values are operated with formulations (14) and (15)
repeatedly, and processed by formulation (16). We get a set of binary offloading
decisions. For I pairs offloading decisions, we compute the corresponding cost as
candidates. From the number of I candidates, we select the minimum as a best
candidate temporarily, as

xtmp = arg min
τ∈I

J∗(d,h,xτ ). (19)
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Fig. 3. Architecture of distributed unsupervised learning-based offloading network.

Then, we exploit the memory pool to store Tasknm and corresponding deci-
sions xtmp as key-value pair. Once the temporary offloading decisions xtmp is
obtained, we use it as a temporary label for the task. Along with the iteration,
we store better offloading decisions as well as corresponding tasks and discard
the old key-value pair in the finite size of memory pool. Based on the experience
mechanism, the model can learn to fit optimal parameters after training the
network.

As a number of decisions is given, the optimal problem orientated to resources
allocation is simplified to a convex problem, the server can better allocate its
resources to execute tasks. Algorithm 1 presents the proposed DULO algorithm
for task offloading.

Algorithm 1. DULO algorithm for training samples
Require:

The set of training samples for current batch d, h;
Ensure:

Offloading decision x;
1: Initialization:
2: Initialize I networks with random parameters;
3: Create an empty memory pool;
4: Set the number of iterations K;
5: while j = 1, 2, ..., K do
6: Randomly select values of tasks to load the network;
7: Select the minimum value as a good candidate;
8: Store tasks and decisions as key-value pairs;
9: Backpropagate to fit parameters;

10: Update the memory pool;
11: end while
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4 Performance Evaluation

4.1 Performance of Training Model

In this paper, we simulate a small cellular network communication process. To
fix the architecture of network, we set 3 users with 5 tasks as input layers, and
we split 80% of samples as training samples and the remain as testing samples.

We train the model with different number of networks, taking the optimal
solution as the benchmark. As shown in Fig. 4, when we use 2 networks to
train model, it finally converges at the gain ratio 0.96 after 28 thousands. When
more than 2 networks are used, the performance becomes better. We have to
notice that when the number of networks is more than 3, it costs 15 thousands
iterations to converge. As the number of networks increases, more data with
correct labels can generate. Although, when more than 3 networks are used, the
speed of convergence can’t get faster, the performance get better when more
than 3 networks are used. Generally, when more than 3 networks are used, the
DULO performances better in convergence and gain ratio.
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Learning Steps 104
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Fig. 4. Performance of training model with different number of networks.

Additionally, we test the performance of the algorithm with different channel
states, including large-scale fading, rayleigh fading, rice fading as well as ideal
communication system. We can learn from Fig. 5, the performance of training
model maintains good with different channel states, it always converges at 0.98.
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Fig. 5. Performance of training model with different channel states.

But the ideal communication converges faster than other situations. As shown
in Fig. 5, when we train the ideal communication, the gain ratio converges after
10 thousands iterations. However, since one more factor considered, the DULO
algorithm converges at 0.98 after 20 thousands iterations.

4.2 Performance of Testing Model

In order to evaluate the DULO algorithm better, we use testing samples as input
values to analyze the offloading decisions, delay and robustness respectively.

Firstly, we analyze the influence of different weight of β. As shown in Fig. 6,
the bandwidth allocation based on data-size strategy cost more than other strate-
gies. When channel-state based strategy is employed, the communication cost
3% less than others. As the value of β increases, the cost goes up. When the β
is 0.7, the cost tends to be stable. Generally, the channel state-based strategy
costs less, therefore, the channel state factor is valuable.

Then, we compare DULO algorithm with other schemes in Fig. 7. We use
enumeration strategy to enumerate all options, and then select the decision cor-
responding to minimum cost as the benchmark decision. As Es is the energy
consumption for per bit of data processed by server, local cost will not change
with its value, edge cost goes up linearly with the value. Results show that the
DULO cost less 14, 18% than local and edge schemes respectively, which is the
near-optimal solution compared with minimum cost.
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Fig. 6. Total cost under different bandwidth allocation schemes.
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To test whether the algorithm can meet the real-time requirement of the
system, time cost with different number of networks is tested. We can learn from
Fig. 8, when channel state information is considered, it costs 0.02 s more than the
ideal communication, since there are more data to compute. Additionally, time
cost goes up with the number of networks. When the number of networks is less
than 6, DULO algorithm generates near-optimal solution in 0.2 s. Specially, when
the number of networks is 2, we can get a solution within 0.1 s. However, when 2
networks are used in the network, it performances worse than 3 networks. Both
in terms of time cost and accuracy, a proper number of networks is required,
therefore, more than 2 networks are used in this paper.
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Fig. 8. Time cost for offloading decision with different number of networks.

Besides, we consider different hyper-parameters including number of net-
works, learning rates and memory sizes to test the robustness of DULO algo-
rithm. As shown in Fig. 9, gain ratio goes up as the number of networks increases,
when more than 5 networks are used, the performance of DULO is better than
others. As memory pool gets larger, the DULO algorithm performances better,
since there are more data with labels to learn for the DULO, which makes the
algorithm robust. And when the value of learning rate is 0.03 and memory size
is 2048, it has good stability with good performance whatever the number of
network is. Taking different hyper-parameters into consideration, we can learn
from Fig. 9 that the trained model can generates a near-optimal solution over
the gain ratio 0.95.
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Fig. 9. Performance of testing model with different hyper-parameters.

5 Conclusion

In this paper, to improve quality of service by minimizing energy consumption
and delay, we propose a DULO algorithm with known data size and channel
states information for MEC networks. By exploiting the advantages of deep
learning and parallel architecture, DULO algorithm makes up for the disadvan-
tages of traditional algorithms such as decision delay. Compared with supervised
learning, it avoids the complex work of data calibration and has better robust-
ness. Results show that the bandwidth allocation based on channel-state strategy
can save 3% cost than other schemes, and the proposed DULO algorithm can
achieve a near-optimal decision in a short time less than 0.2 s, which cost 14, 18
less than percent than local and edge strategies respectively.
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