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Abstract. In recent years, the analysis of big data in the realm of the
Internet of Things (IoT) has garnered increasing attention. Several cloud
platforms offer pre-trained machine learning models to comprehend IoT
data. Nonetheless, to utilize these cloud services, the transmission of
personal data is necessitated, and network issues may impede clients
from obtaining timely analytical results. To address these challenges,
the migration of data and analytical tasks to edge platforms is gain-
ing momentum. However, the majority of edge devices lack the capacity
required to process and train on vast datasets. In response to the sub-
stantial computational demands in IoT scenarios, we propose an adap-
tive task offloading algorithm within an edge-cloud collaborative system.
Leveraging Deep Belief Networks (DBN) technology, data is hierarchi-
cally processed, and the performance of both computing devices and the
edge-cloud collaborative system’s network is meticulously assessed. Our
proposed adaptive task offloading algorithm is underpinned by a metic-
ulously designed processing time model. Experimental results unequivo-
cally demonstrate the algorithm’s pronounced advantages in enhancing
the overall response time within the context of edge-cloud collaboration.

Keywords: Edge cloud collaboration - DBN - Adaptive unloading of
computing tasks

1 Introduction

In the interconnected world of IoT, the proliferation of diverse terminal sensing
devices has led to a surge in complex data. Real-time processing has become
imperative as data volumes surpass Zeta Bytes (ZB) [1]. To address this,
researchers advocate integrating edge computing with cloud computing to allevi-
ate computational loads [2]. This entails offloading cloud-assigned tasks to edge
devices, aiming to enhance data transmission and real-time processing while
reducing the cloud’s computational burden [3].
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Despite potential benefits, edge-cloud collaboration has limitations, particu-
larly in resource-constrained scenarios. The absence of a closed-loop optimiza-
tion mechanism among terminals, edge servers, and the cloud can hinder the
full potential of edge-cloud collaboration [4]. Researchers have explored energy-
efficient solutions, leveraging edge devices to migrate computing tasks from the
cloud [5-9].

Efficient computing task offloading algorithms are pivotal to allocate tasks
between edge devices and cloud centers, optimizing energy consumption. This
paper introduces a delay-optimized task unloading algorithm based on task prior-
ity classification [10]. Simulation results demonstrate its effectiveness in enhanc-
ing system revenue and reducing task delays.

Additionally, a joint optimization scheme addressing task unloading, com-
puting, and communication resources under multi-user wireless interference is
proposed [11]. This scheme enhances system utilization, reduces task execution
delays, and lowers energy consumption. In industrial IoT, a multi-user and multi-
access edge computing (MEC) delay optimization problem is tackled [12]. A
computational unloading strategy based on particle swarm optimization yields
promising results in reducing the overall network cost.

To address these challenges, this paper introduces a novel approach that com-
bines deep learning using Deep Belief Networks (DBN) with edge-cloud collabo-
ration. Hierarchical data processing using DBN and an adaptive task offloading
algorithm are key components. Simulations evaluate DBN’s advantages in reduc-
ing intermediate data and analyze task offloading proportions under varying con-
ditions of data volume, network bandwidth, edge device load, and network delay.

The main contributions of this paper are as follows:

e Application of the DBN Algorithm: To facilitate more convenient and flex-
ible data processing, we introduce the Deep Belief Networks (DBN) algo-
rithm. DBN is employed for the hierarchical processing of input data slated
for computation, streamlining subsequent data unloading tasks with greater
flexibility.

e Development of an Adaptive Task Offloading Algorithm: This paper presents
the creation of an adaptive task offloading algorithm tailored for computing
tasks. This innovative algorithm incorporates Performance of CPU and Mem-
ory (PCM) metrics to quantitatively assess equipment performance. More-
over, it conducts an in-depth analysis and optimization of network perfor-
mance by integrating vital parameters like network bandwidth and delay.
These insights enable the quantitative modeling of computing task process-
ing times. We further leverage the breadth-first search (BFS) algorithm to
minimize the processing time of computing tasks, thereby realizing an adap-
tive task offloading algorithm that enhances overall system performance.

e Experimental Validation: To validate the practical advantages of our proposed
algorithm, we design and conduct experiments. These experiments simulate
the application of the computing task adaptive offloading algorithm and pro-
vide a comprehensive analysis of its performance in comparison to traditional
cloud computing center or edge device computing models.
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The rest of this paper is organized as follows: the second section reviews the
collaborative model, mainly introduces the local computing model and cloud
computing model. The third section introduces the details of computing task
adaptive unloading algorithm. The fourth section analyzes and verifies the design
simulation experiment of computing task adaptive unloading algorithm. The fifth
section gives the simulation conclusion and analyzes and verifies it.

2 Related Work

Edge cloud collaboration technology, a pivotal IoT component, has gained exten-
sive attention in academia and industry. In [13], a local outlier factor algorithm
based on affinity propagation clustering is proposed to verify the network con-
nectivity of edge cloud cooperation. A closed optimal task segmentation strategy
based on standardized backhaul communication and cloud computing capability
is derived in [14], but these works only focus on the control of service delay and
ignore other important performance indicators, such as energy consumption.

Recent work is devoted to joint communication and computing resource man-
agement in order to balance service delay and energy consumption. An algorithm
based on alternating convex search is proposed in [15], which minimizes the
weighted sum of delay consumption and energy consumption by jointly optimiz-
ing local computing frequency, task segmentation and transmission power, while
ensuring strict delay requirements and residual energy constraints. A new decen-
tralized algorithm to jointly allocate communication and computing resources
to meet the requirements of service delay and energy consumption is designed
in [16]. However, the research scenarios of these two papers are in quasi-static
networks. In this scenario, the computing task set and channel state are assumed
to remain unchanged without considering the potential time dynamics.

To apply to dynamic industrial scenarios, some work focuses on edge cloud
cooperation, as well as the dynamic changes of wireless channel status and data
arrival. For example, in [17], the dynamic channel state is described as a Markov
decision process, and deep learning is applied to solve the problem of optimal
communication and computing resource allocation. In [18,19], an online algo-
rithm is proposed, which can adjust the transmission power and CPU calculation
speed of the edge server to solve the problems of dynamic time-varying chan-
nel state and data arrival. However, all these works adopt a simple task/data
processing model, ignoring the impact of its detailed performance (such as pro-
cessing accuracy) on the IoT system.

Some studies have begun to analyze the impact of the industrial environ-
ment on data accuracy. In [20], the influence of industrial noise on data quality
is studied, and an improved wavelet denoising algorithm is proposed. However,
it is not considered that the denoising algorithm will occupy the corresponding
computing resources, which may affect the computing delay and energy con-
sumption. In [21], the influence of physical layer sampling rate on data accuracy
is considered, and the influence of sampling rate on the performance of IoT
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system is analyzed. However, the necessity of data preprocessing and the impact
of different preprocessing methods on system performance are not considered.

In short, what distinguishes this paper from all existing research work is that
it introduces DBN into the research of edge cloud collaborative computing in
the IoT scenario, and puts forward a computing task processing time model to
segment computing tasks.

e The DBN is introduced into the edge cloud collaboration system. Hierarchical
processing of IoT data facilitates the subsequent design of a computing task
segmentation algorithm.

e Design and calculate the task processing time model. Firstly, PCM algo-
rithm is used to evaluate the performance of computing equipment, and the
load capacity and processing efficiency of the equipment are analyzed; Sec-
ondly, the network performance of the edge cloud system is analyzed. The
network performance is the key to the data transmission between the edge
cloud servers and plays a vital role in the overall response time of the system:;
Finally, the processing time model of computing task is constructed according
to the processing capacity of equipment and network performance.

e Based on the computing task processing model, an adaptive unloading algo-
rithm of computing task is proposed based on BFS algorithm, which is com-
mitted to obtaining the shortest response time.

3 Model and Related Algorithm

The substantial volume of data imposes significant computational load on the
cloud computing center. To address these challenges, this paper developed an
adaptive task unloading algorithm designed for managing the extensive com-
puting tasks. This algorithm aims to facilitate collaborative processing between
edge devices and the cloud computing center.

3.1 System Model

The system model, as illustrated in Fig. 1, typically comprises four layers in an
ToT setup. At the base, there’s the device layer, primarily consisting of edge
devices and sensors responsible for data collection required for applications.
These devices connect to the gateway for data transmission over the network.
Once uploaded to the network, the data undergoes processing and forward-
ing through common middleware devices, eventually reaching the corresponding
application where it is retrieved and processed. The computing task adaptive
unloading algorithm is designed within the framework of this system model.

3.2 Hierarchical Data Processing Based on DBN

The Deep Belief Network (DBN), originally proposed by Hinton et al., was devel-
oped to address the challenge of rapid and automated feature learning [22].
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Hinton and his colleagues introduced novel insights into understanding and ana-
lyzing the DBN model, which significantly expanded its applicability across var-
ious domains.

Figure 2 illustrates the DBN’s structure, composed of multiple layers stacked
with Restricted Boltzmann Machines (RBMs). RBMs are trained to learn diverse
parameters within the deep network using the Contrastive Divergence algorithm
(CD). This section will provide a detailed overview of RBM’s structure and the
Contrastive Divergence algorithm.

e RBM

RBM is one of the basic modules of DBN. The two parts of visual layer (V) and
hidden layer (H) together constitute the RBM, and the neurons between them are
connected by weight. The process of training each DBN in DBN consists of two
steps: mapping and reconstruction. The first step is the mapping process. The
data needs to be transmitted to the visual layer V1 of RBM1. The information
contained in the visual layer V1 is sampled by Gibbs and the sampled information
is transmitted to the hidden layer H1. Secondly, it enters the reconstruction
link. In the reconstruction link, Gibbs samples the information contained in the
hidden layer H1 again, and then transmits the sampled data back to the visual
layerV1. The function of mapping and reconstruction is called recursively, and
the training of RBM is considered to be completed until the calculated error
meets the specified value. In the training of the second RBM, the information
contained in the hidden layer V1 of the front RBM is taken as the input of the
visual layer V2 of the rear RBM, and the mapping and reconstruction process
are repeatedly executed, and so on, until all the training processes of the RBM
are completed.
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Fig. 2. Structure diagram of DBN

For the state (V, H) given by each group of RBM, the energy contained can
be formulated as

I J

I J
E(U, h) = — Z Z'inijhj — Zbﬂ)z — Zajhj (1)
i=1j5=1

i=1 j=1

where V; means the state of the ith visual unit, H; is the state of the ith hidden
unit, w;J stands for visual unit v; and hidden unit H; corresponding symmetrical
connection weight.

The calculation method of hidden layer unit state can be formulated as

P(Hj1|v)0<zwij+ai> (2)
i=1

where P(h; = 1|v) represents the activation probability of the jth unit of the
hidden layer, and P(v; = 1|h) represents the activation probability of the ith
unit of the visible layer, o activate the function for sigmoid.

The state of each visible layer unit is reconstructed as

P(Vi=1|h)=0 > wih;+b; (3)

j=1

when the RBM is trained, it is brought into the whole DBN, and then the
gradient descent algorithm is used to reconstruct the whole network.

The input layer is used to input data. The nonlinear mapping process of data
from the input layer = to the hidden layer Z is called mapping, and the hidden
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layer Z is remapped to the visual layer & The nonlinear mapping of is called
reconstruction. The mapping and reconstruction process can be formulated as

z=f(w,x+0,) (4)

= f(wzZ + bz) (5)

where the weights of input layer and hidden layer pass through W, for Wj. It
means the weight from hidden layer to reconstruction layer B, ,b; offset of hidden
layer and output layer respectively. In addition, the f(-) function represents
the mapping relationship, while the relationship of W, and W; is as follows:
w, = wg = w, where T represents transpose.

The gradient descent method is used in the whole network parameter update
link of the DBN [23]. The specific method is as follows: suppose the input data
Z. The reconstruction error function between and the reconstructed data z is
e(z,2). Then the optimal network parameters w,B,,b; can be calculated by

solving the error function. The error function formula is formulated as
T = argminle(z, )] (6)

According to the gradient descent algorithm, the parameters can be formu-
lated as

w=w— ni@e((;‘;x) (7)
_ Oe(x, &)

bz - bw -0 8bz (8)
_ Oe(x, 1)

by = by — e (9)

where 7 represents the learning rate, and the parameters will be updated contin-
uously according to the related rules. When the reconstruction error meets the
convergence standard, the RBM is constituted by the parameters at this time.
So far, a training process of the RBM has been completed. In addition, the value
of hidden layer can be used not only as the extracted feature, but also as the
input value of the next layer RBM.

e Contrast Divergence Algorithm
Contrast divergence algorithm is one of the fast learning algorithms of RBM.
There are obvious differences between the contrast divergence algorithm and the
common Gibbs sampling algorithm. The algorithm inputs the training sample
data as input parameters into the visual layer of the first RBM, the probability
that the unit value of the first RBM is 1, which can be calculated by Eq. (10).
Secondly, the probability that the ith visual unit is 1, which can be calculated
by Eq. (11), and then a process of the visual layer is reconstructed. When using
contrast divergence algorithm to train data, the update rules of each parameter
are as follows:

Firstly, for each RBM, the contrast divergence algorithm is used to update its
parameters. The utilization conditions of each visual node are randomly selected
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from 0,1. So far, v(®, v(® «— v is obtained, and the initialization parameter
increment is Aw;; = Aa; = Ab; = 0, m samples are taken between the visible
layer and the hidden layer of each RBM, and is used to represent Gibbs sampling,
M represents the sampling times, and the value range of m = 0,1,..., M — 1,
which is formulated as

h™ ~ P (hj =1 U“”)) (10)

vfmﬂ) ~ P (vi =] h(m)) (11)

Secondly, update the weight of the RBM according to Eq. (12), where m =
0,1,...,M —1, Ang represents the weight parameter of the k — th layer of the
hidden layer of the updated RBM. In addition, the probability that the hidden
layer output is 1 after the visual layer of the RBM is initialized, which can

be expressed by the formula P (hi =1] ’UEO)) UZ@, where P (hZ =1] vgm)) vgm)
represents the probability that the hidden layer output is 1 after M sampling of

the visual layer of the RBM.
Awi; = Awij + {P (hj =1| UZ(O)) ’UEO) - P (hj =1| vgm)) vz(m)} (12)

After that, the offset parameters of the visual layer for the RBM are formu-
lated as
Ad), = Aa; + [UZ(O) — vl(m)} (13)

where m = 0,1,..., M —1, Aa; represents the offset parameter of the visual layer
of the updated RBM. In addition, P (hj =1| UEO)) indicates the output after

the initialization of the visual layer, P (hj =1| vl(m)) represents the output of
the visual layer after M samples.

e SOFTMAX Classifier
The logistic regression model is only for the problem of two classification is

pointed out in [24], while the SOFTMAX classifier is more universal for multiple
classification application scenarios. The structure diagram of SOFTMAX classi-
fier is shown in Fig. 3, where s(-) is the activation function. Which is to ensure
that the value range of input vector is within (0,1) and the sum of output data
is 1, because the activation function in the SOFTMAX distributor is similar to
the sigmoid in the neural network, the SOFTMAX classifier is generally used at
the output of the deep learning network and connected with the hidden layer
of the lowest layer of the deep learning network. Such a complete deep learning
network structure is formed, which can further optimize the processing results
of the deep learning network.

Suppose @ = [q1,92,-.-,¢;] is the input vector of softamx classifier, P =
[p1, P2, P3, - -, pN] is the output vector of classifier, and N represents the dimen-
sion of the last hidden layer. In addition, W and B represent the weight and
bias of the classifier, which is formulated as

ewi P+b;

¢ =p(Y =i| P;w,b) = s(wP +b) ST

(14)
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Fig. 3. Structure diagram of SOFTMAX classifier

3.3 Adaptive Algorithm of Data Computing Task Unloading

Efficient data collaboration is at the core of edge-cloud cooperation, with a
pivotal focus on rationalizing data transmission and computing task allocation
between edge devices and cloud computing centers. Prior research in the realm of
edge-cloud collaborative data and computing task offloading has been extensive.
For instance, a collaborative model for intelligent machine tools in the context
of ?Industry 4.0” is presented in [25]. This model introduces a method for regu-
larly offloading data with low real-time demands to the cloud computing center,
effectively alleviating equipment load pressures and enhancing the intelligence
of edge devices.

In this section, building upon the hierarchical data processing using DBN
as discussed in Section A, we will design an adaptive algorithm for unloading
data computing tasks to enable real-time and flexible data processing. However,
the intricacies of the network environment and the diverse performance require-
ments for data processing necessitate careful decision-making in data computing
task offloading. Inadequate design decisions can lead to network load imbal-
ances, potentially resulting in system failures under peak or specialized condi-
tions. To address these concerns, our algorithm takes into account a comprehen-
sive range of factors, including computing task loads, equipment performance,
network bandwidth throughput, latency, and network stability. It models the
data processing time per unit size and constructs a Weighted Directed Graph
(WDG) based on data volume and processing time. Once this WDG structure
is established, we employ the Breadth-First Search (BFS) algorithm to partition
computing tasks, minimizing the overall system response time.
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Computing Device Performance Based on PCM Algorithm. Firstly,
according to the PCM (performance CPU memory) algorithm, the performance
of edge devices and cloud computing center are dynamically obtained. Suppose
the device group is D = {Dy, D1, ..., Dyn_1}, where D; represents the ith device
node. Use P (D;) to represent the current performance status of the equipment,
W; is used to represent the specific gravity coefficient corresponding to the per-
formance index of each equipment, and ZLO W; = 1. In addition, use F, repre-
sents the frequency of the device CPU, T,,, represents the total memory usage.
Therefore, the current equipment performance is formulated as

Suppose L (D;) represents the equipment load condition, K; represents the
specific gravity coeflicient corresponding to the load capacity index of each equip-
ment, and ZLO K; = 1. Simultaneous use of U, represents the current CPU
utilization, U, represents the current memory usage. Then L (D;) can be is
formulated as

For the formula used to calculate the performance of the above equipment,
it is necessary to quantify the utilization of CPU. The parameters file is used to
obtain the device information. The main information includes the user’s occu-
pation time, the time when the system kernel is used and the time when idle
processes are used. Using the time when idle processes are used, it is convenient
to calculate the ratio of unused CPU of the device, so as to obtain the CPU
utilization of the device. After obtaining the CPU utilization of the device, the
CPU utilization can be calculated.

Arbitrary selection t1, to two moments, by F; stands for ¢; Unoccupied process
at time 1, C; stands for ¢; the state of the CPU at the time. The CPU unutilization
rate can be calculated from the proportion of unused processes

-
Oy
CPU utilization U, can be obtained through U, = (1 — F') % 100%.

Memory usage information can be read from memory parameters, and mem-

ory utilization can be calculated based on Memtotal and Memfree. The memory
usage is formulated as

F « 100% (17)

U, = Memtotal-Memfiree « 100% (18)
Memtotal

The equipment weight is calculated by using the equipment performance and
equipment load capacity. The calculation is formulated as

Q (Dz) = L(Di) /P(Di) (19)

where the equipment weight @) represents the load capacity of the current equip-
ment. The greater the weight (), the greater the load borne by the current
equipment, the less corresponding calculation tasks assigned to the equipment.
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At the same time, in order to improve the robustness of the system load
capacity, the load redundancy value will be introduced to a certain extent, and
this index will be used to judge the capacity of a device node when adding load
at a certain time. Assuming that the equipment operation cycle can be expressed
in T, the load redundancy value is formulated as

M (D;) =T« P (D;) /L (D;) (20)

Network Performance Analysis of Edge Cloud System. In the investi-
gation of collaborative computing within the edge-cloud scenario, the allocation
of computing tasks necessitates a comprehensive consideration of factors like
network bandwidth and delay [26]. Following the analysis and assessment of
equipment performance using the PCM algorithm as discussed earlier, the next
crucial aspect in edge-cloud collaboration is the evaluation of network perfor-
mance. The comprehensive design concept is illustrated in Fig. 4.
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Fig. 4. Overall design drawing of time delay measurement

The data flow table item is initially transmitted from the source switch to the
destination switch and vice versa by the controller. Upon the installation of the
intermediate switch, the flow table item triggers a packet-out message sent to
the source switch. This message’s data segment includes a timestamp, indicating
when the controller sent the request message. The action within the packet-out
message instructs the source switch to forward the data packet to the destination
switch. If the destination switch receives a data packet from the preceding switch
but cannot find a proper match in its flow table item, it sends a packet-in message
to the controller and returns the data packet. Upon receiving the data packet
from the switch, the controller calculates the time difference between the data
packet’s reception time and the timestamp in the message, resulting in the overall
time difference denoted as T7. This encompasses the delays from the controller
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to the source switch, from the source switch to the destination switch, and from
the destination switch back to the controller. Following this, the reply process
ensues, and the time difference for the entire reply process is denoted as Ts. If we
define the round-trip delays in the transmission process from the source switch
to the destination switch as T and Ty, respectively, the overall round-trip delay
from the source switch to the destination switch can be expressed as

Delay =T, + 15 — Ts — Ty (21)

However, when the number of intermediate switches involved in the entire test
link exceeds a certain threshold, the measurement time becomes excessively long.
This extended duration poses challenges for the controller in accurately tracking
the forwarding process and consumption time of the intermediate routers. In
such cases, the controller must rely on the data packet’s return to determine the
timing. If a data packet is directly forwarded to the controller without traversing
the destination switch, it can introduce significant errors in the experimental
measurement results. Given that the controller has the capability to transmit
multiple data packets simultaneously, a preventive measure involves dividing the
n switches in the link into n sub-links. By separately measuring the delay of each
individual sub-link, the overall delay can be computed as the sum of each delay
component

n
Delay = Z SubDelay (i) (22)

i=1
Secondly, network stability will be assessed through an active measurement
method to calculate the network packet loss rate. This involves counting the
number of packets sent, denoted as S, by the source node and the number of
packets received, denoted as R, by the destination node within the link. The

packet loss rate can be computed using the following formula

S—R

LossRate =
ossRate 5

100% (23)

Finally, following the network delay and packet loss rate measurements, net-
work bandwidth, another crucial network parameter, will be evaluated. An active
measurement method will be employed, utilizing the variation in one-way net-
work delay as a proxy for bandwidth estimation. The primary measurement
process is outlined in Algorithm 1.

Firstly, the simulator initiates the transmission of measurement data packets
into the network at a predefined rate, maintaining this rate while invoking the
delay measurement function to continuously assess real-time network delays.
Based on the measured network delay data, the transmission rate is dynamically
adjusted in response to network conditions.

Secondly, by monitoring changes in one-way delay, the system can deduce
network congestion if the delay consistently increases, indicating that the current
transmission rate exceeds the available network bandwidth. Conversely, if the
one-way delay remains stable, it suggests that the link bandwidth surpasses the
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Algorithm 1: Network Bandwidth Test.

Input: Packet rate: r.
Output: Bandwidth: BW.

Initialize r,delay maximum;
while delay enlarge do
Reduce packet rate r;
L calculation delay;
Record current packet rate r;
Get r multiple times and take the average value;
return BW.

current transmission rate, warranting a rate increase. Consequently, the sender
can adapt the rate of sending measurement packets based on one-way delay
fluctuations until the delay stabilizes.

Finally, the link’s bandwidth is assessed by computing the average trans-
mission rate of measurement packets over recent periods. This process enables
efficient adaptation to evolving network conditions.

Computing Task Processing Time Model. Building upon the PCM eval-
uation detailed in Sect.1) and the network performance analysis in Sect.2),
this section proceeds to construct models for the processing speed of unit data
volume for both edge-side equipment and the cloud computing center. These
models aim to quantify the processing time required for a unit of data volume
when processed by these respective components.

Drawing from the insights gained in Sects. 1) and 2), the processing time
for edge-side equipment, denoted as T, is calculated as follows for a unit data
volume

1
T, = 24
" aP+mL+npM (24)
where P represents the performance of the edge side equipment, L represents
the load status of the equipment, and M represents the load redundancy value,
that is, the remaining processing capacity of the current equipment. o, 11, 12 is
the coefficient of the three.

Edge side processing and transmission time T, is formulated as

1+ D+ 3L

Te s:Te
* T Bw

(25)

For the junction between the edge side and the cloud computing center, the
processing time per unit data volume needs to be modeled by integrating the
factors of equipment processing speed and network performance. The model T,
can be formulated as

n
S (P 4+ mLi + naM;)
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Therefore, for the unit data volume, the overall response time of the edge
cloud collaboration system can be formulated as

T =0T, +Teyrs+ 0T, (27)

This section has modeled the overall response time of the edge cloud col-
laboration system. The next section will utilize processing times and the deep
confidence hierarchical network to construct a weighted directed graph for data
processing within the edge cloud collaboration system. Computing tasks will be
segmented using the BFS algorithm to minimize the overall system response
time.

Adaptive Algorithm Based on BFS. Building upon prior research, this
section will employ the computing task processing time model to quantify data
and construct the WDG diagram, illustrated in Fig. 5.
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Fig. 5. Overall design drawing of time delay measurement
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Upon constructing the WDG diagram, the BFS algorithm will be applied to
acquire the optimal solution for the system’s overall response time. The detailed
algorithm flow is as follows.

Following traversal of the WDG structure diagram using the BF'S algorithm,
the computing task unloading scheme that minimizes the overall system response
time is obtained. An illustrative example of the cut model is presented in Fig. 6.

The entire process of the adaptive algorithm for data computing tasks is
depicted in Algorithm 2. This algorithm is invoked for each input data, facilitat-
ing data evaluation and the unloading of computing tasks. Subsequently, these
computing tasks are dispatched to various edge-side and cloud computing center
equipment for task computation.

4 Simulation Results

This section begins with a description of the experimental setup, followed by the
execution of simulation experiments. The simulation experiment consists of two
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Algorithm 2: Data Computing Task adaptive algorithm.

Input: Data: d.
Output: Proportion: p.

Initialize d maximum;
while d do
Obtained P (D;),L (D;), M (D;) according to PCM algorithm;
calculation delay, BW  LossRate;
Modeling edge processing time: T¢;
Modeling edge processing time plus network transmission time: T s;
Modeling cloud computing center processing time: T;
Build WDG diagram of overall response time of computing task;
| BFS algorithm breadth first traversal to obtain the minimum response time;
return p.

primary components. In the first part, two types of DBN are defined using the
TensorFlow framework to analyze the data volume and computational savings
achieved by DBN with varying layers. The second part simulates the computing
task unloading ratio under different experimental scenarios.

4.1 Performance Evaluation of DBN

This section focuses on evaluating DBN performance. Two sets of DBNs are
constructed using the TensorFlow framework and executed on hardware config-
urations featuring an Intel Core i7 9700 CPU and an NVIDIA GeForce GTX
2080 graphics card. During the experiment, two DBN computation tasks are con-
ducted, involving the calculation of operands and intermediate data generated
at each layer.

The variations in data reduction ratio and computational overhead across dif-
ferent layers for the two DBNs is illustrated in Fig. 7. Notably, these DBNs differ
in their weight matrix W?2. As observed in the figure, as the number of DBN lay-
ers increases, the data reduction ratio experiences a sharp decline, accompanied
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Fig. 8. Analysis of reducing data proportion and operation quantity of DBN

by a rapid rise in the number of operands. This substantial increase in computa-
tional operations results in the generation of a significant volume of intermediate
data, consequently leading to a decrease in the data reduction ratio.

The impact of DBN on equipment load status and processing time is illus-
trated in Fig.8. It is evident that as the number of DBN layers increases, the
corresponding equipment load capacity also experiences a significant rise. When
the number of layers reaches 4, the equipment load capacity reaches approxi-
mately 70%. Beyond this point, increasing the number of layers results in equip-
ment load capacity becoming a critical limiting factor for system processing
capability. Furthermore, the processing time diagram in Fig.7 reveals that as
the number of layers increases, equipment processing time accelerates. When
the number of layers surpasses 4, the curve’s slope becomes steeper, indicating
a more pronounced increase in equipment processing time.

Taking into account the combined effects of reduced data proportion, inter-
mediate operations, and the number of DBN layers on equipment load and pro-
cessing time, we have opted to utilize DBN-1 for our subsequent experiments.

4.2 Performance Analysis of Adaptive Algorithm Based on BFS

In this section, we will analyze the adaptive computing task unloading algo-
rithm’s performance in various environments. The impact of different factors on
the task unloading proportion is illustrated in Fig. 9.
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When examining the influence of data quantity while keeping other factors
constant, illustrated in Fig. 9 (a), it’s evident that as the data volume grows, more
computing tasks are assigned to edge devices for processing. However, there’s a
point where the allocation to edge devices plateaus due to their performance
limitations.

The effect of network bandwidth when other factors remain fixed is shown in
Fig.9 (b). As network bandwidth increases, the proportion of computing tasks
allocated to edge devices gradually decreases. The most significant drop occurs
when bandwidth reaches 5000MB, after which the decline slows.

When analyzing the impact of edge device load proportion while keeping
other factors constant, illustrated in Fig.9 (c), we observe that with low edge
device loads, roughly 30% of computing tasks are allocated to the edge. This
allocation decreases as the edge device load increases. When edge devices reach
a 60% load proportion, they are rarely assigned computing tasks.

The impact of network delay when other factors are fixed is displayed in Fig. 9
(d). In scenarios with low network delays, indicating good network conditions,
more computing tasks are directed to the cloud computing center. However,
as network delay increases, an increasing number of tasks are offloaded to the
edge. Yet, this allocation saturates when the load capacity of edge equipment is
reached.

The overall response time of the system only relying on the Cloud Computing
Center for computing and the edge cloud collaborative system for computing
under different circumstances are showns in Fig. 10.

The impact of increasing data volume while keeping other factors constant
is shown in Fig. 10 (a). Both processing methods exhibit an increase in response
time with growing data volume. However, the difference in response time between
the two methods gradually widens, highlighting the edge cloud collaboration
system’s superior response speed in unconstrained conditions.

As shown in Fig. 10 (b), we observe the effect of increasing network bandwidth
while other factors remain unchanged. As network bandwidth increases, the over-
all response time decreases for both processing methods. Notably, when network
bandwidth is limited, the system’s response time using the Cloud Computing
Center alone is longer. However, when network bandwidth reaches 7T000MB, it
no longer limits system performance. At this point, due to the lower process-
ing capacity of edge equipment compared to the cloud computing center, the
response time of the cloud computing center becomes shorter than that of the
edge cloud collaboration system.

The influence of network delay while keeping other factors constant is illus-
trated in Fig. 10 (c). Generally, both methods show increasing response times
as network delay grows. In scenarios with low network delay, the response time
of the cloud computing center is shorter than that of the edge cloud collab-
oration system. Conversely, as network delay becomes higher, the edge cloud
collaboration system gains a noticeable advantage in response time.
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5 Conclusion

In this article, we present an adaptive unloading algorithm for edge cloud col-
laboration, consisting of the following key components:

DBN Integration: We discuss the integration of Deep Belief Networks
(DBN) into the edge cloud collaboration system. This hierarchical processing
of equipment-generated data is facilitated through DBN.

Adaptive Unloading Algorithm: We propose an adaptive algorithm for
unloading data computing tasks. This algorithm takes into account computing
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equipment performance evaluated using the PCM algorithm, analyzes network
performance encompassing factors like network bandwidth and delay, and mod-
els the processing time of computing tasks. The algorithm is then realized using
a Breadth-First Search (BFS) approach.

Simulation Experiments: We conduct simulation experiments to evaluate the
advantages of DBN in reducing intermediate data. Additionally, we analyze how
the edge cloud collaboration system impacts the unloading proportion of comput-
ing tasks under various conditions, including data volume, network bandwidth,
edge device load, and network delay. These comparisons and analyses demon-
strate that the edge cloud collaboration system exhibits shorter response times
compared to traditional cloud computing centers under certain conditions.

This work highlights the potential benefits of DBN in reducing data overhead
and showcases the advantages of edge cloud collaboration in terms of response
time across different scenarios.
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