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Abstract—As applications grow in scale, the centralized 

computing approach leads to excessive bandwidth requirements and 

high computational latencies. The traditional computing model 

regards the network as a transmission pipeline and has not fully 

explored the potential of network devices. At present, in-network 

computing is a new type of computing model that delegates 

application-layer processing functions to the network data plane. It can 

process traffic during transmission, reduce the cost of network 

bandwidth transmission, and alleviate the computing pressure and 

energy consumption of the cloud-side system. However, it needs to 

consider the redeployment cost. This paper proposes a multi-source 

DNN task offloading strategy based on in-network computing, which 

combines edge calculation, in-network computing and cloud 

computing. At the same time, it makes full use of the traditional 

routing nodes with no computing ability in the network. Particle 

swarm optimization (PSO) is used to solve the problem in the 

offloading scheme optimization. Service level agreement violation 

(SLAV) is introduced, and the network resources are offloaded in 

balance while the quality of service of users is satisfied. Simulated 

experiment results show that the proposed algorithm can reduce the 

cost and achieve convergence compared with the traditional offloading 

algorithm. In particular, we can find that there is an optimal 

deployment scheme in the network, which can make full use of the 

computing resources and bandwidth resources of the network, 

significantly reduce the computing pressure and transmission 

overhead of the whole network, and realize the balanced offloading of 

node resources. 

Keywords—in-network computing, edge-cloud computing, task 

offloading, particle swarm optimization 

I. INTRODUCTION 

The popularity of a large number of smart mobile terminals 

has promoted the development of edge computing and cloud 

computing. Because computing all AI tasks locally will cost 

users a lot of time and computing resources, offloading 

computing tasks to edge computing nodes or cloud service 

nodes becomes a useful solution [1]. These nodes have more 

computing resources, and can meet the user's high-quality 

requirements of services, such as real-time and interactive. 

Therefore, task offloading optimization is one of the research 

hotspots in the field of edge computing and cloud computing. 

The current research on task offloading optimization usually 

focuses on two-tier architecture or three-tier architecture of 

network, including user node, edge node and cloud node. With 

the emergence of AI service and the expansion of network scale, 

the traditional single-task offloading scheme can not meet the 

requirement of users and networks [2], a number of studies have 

been done to optimize the simultaneous offloading of multiple 

dependent tasks by minimizing the network cost [3], the total 

energy consumption of equipment [4,6], the number of 

workflows [5,6] and the task completion time [7], etc.  

The demand for deploying Deep Neural Networks (DNN) 

models to mobile devices is growing in tandem with the 

increased computing capabilities of mobile devices. In the 

existing work, the DNN model is modelled as a directed acyclic 

graph (DAG). Because a DNN inference task usually contains 

multiple dependent subtasks, the strategy of subtasks 

offloading allocation and scheduling among multiple edge 

nodes or cloud nodes will greatly affect the total DNN task 

delay. At the same time, the dynamic change in the network 

environment makes the offloading decision-making become a 

complex problem, so the DNN inference tasks optimize the 

offloading and scheduling of subtasks to improve the 

performance of the whole network [8]. In particular, the 

constrained cost optimization problem in heterogeneous MEC 

networks is studied in [9], and a two-phase scheduling 

algorithm for edge and cloud is proposed to meet the service 

delay requirements. The heuristic sorting algorithm is used in 

[10] to solve the problem of tasks adaptive allocation in MEC 

and cloud nodes and to minimize the average delay. The DNN 

partition is given in [11] to treat each layer in DNN as a vertex 

and a DNN can be modelled as a DAG to optimize the 

scheduling problem for cooperative DNN inference. In addition, 

some studies have applied reinforcement learning to solve 

complex dependent task placement problems [12]. In these 

studies, the optimal strategy of node placement is obtained by 

establishing Actor-Critic mechanism and non-policy gradient 

algorithm. 

However, in the current study, few studies have taken into 

account the widespread computing power nodes in networks, 
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often only using nodes between the edges and the cloud for 

forwarding. In-network computing is an emerging computing 

paradigm [13], which can reduce time delay, energy 

consumption and increase resource utilization by using 

computing power nodes in the networks to offload DNN 

inference tasks and transfer tensors. At present, the problem is 

how to dynamically offload the inference task to the edge node, 

computing network node and cloud server node [14]. The node 

placement problem with multiple dependent subtasks at the 

same time is more complex in in-network computing. 

We propose a multi-source DNN task offloading algorithm 

based on in-network computing, which combines edge 

computing nodes, computing network nodes and cloud 

computing nodes. At the same time, it makes full use of the 

traditional routing nodes in the network. Particle swarm 

optimization (PSO) is used to solve the problem in the 

offloading scheme optimization, and the network resources are 

offloaded in balance while the quality of service of users is 

satisfied. 

The main contributions of this work are summarized below. 

(1) A multi-source DNN task offloading model is established 

in the network including edge computing, in-network 

computing and cloud computing. The inference task 

requirement model and offloading cost model are defined in 

this system. 

(2) In order to make full use of the nodes with computing 

power in the network, the optimization objectives based on load 

balance, transmission cost and computing cost are established, 

the difference of computing capacity of heterogeneous 

computing nodes is fully considered. 

(3) A particle swarm optimization algorithm is designed to 

optimize task offloading and meet the expected quality of 

service.  

II. SYSTEM MODEL AND PROBLEM FORMULATION 

We consider a resource-constrained inference tasks 

offloading scenario, consisting of a set of tasks 𝑾, each of 

which can be divided into several subtasks that may or may not 

have dependencies, the summary of notations is shown in Table 

1. 

A. System Model 

We assume that the set of nodes 𝑵 that can be offloaded 

including edge nodes, computing network nodes and cloud 

computing nodes. Each node 𝑵𝑘 ,  ∀𝑘 ∈ {1,2, … … , 𝑚}  has 

heterogeneous location 𝐿𝑖
𝑘 , computing resource 𝑐𝑘 , unit 

computing cost 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑘 and the proportion of remaining 

computing resources 𝛽𝑘
. At present, the proposed in-network 

computing model is deployed in-network computing device, 

combined with edge computing and cloud computing to form 

an edge-network-cloud network system with computing ability. 

However, this network model does not take into account the 

traditional routing nodes without computing ability in the 

existing network. In this paper, we propose a network model 

with computing power nodes. The system model diagram is 

shown in Fig.1, including edge computing nodes, traditional 

routing nodes without computing ability, in-network 

computing (INC) devices with different computing resources 

and cloud. The primary INC devices with lager computing 

resources is close to the cloud while the secondary INC devices 

is close to the edge with smaller computing resources than the 

primary INC devices. 

Different inference task 𝑖 input from different MEC devices 

and select the device with computing ability to offload. We 

state the properties and requirements of task 𝑖  as 𝑾𝑖 =
{𝑦𝑖 , 𝑇𝑖 , 𝑤𝑖𝑗 , 𝑮𝑖𝑗 , 𝑑𝑖𝑗 , 𝑡𝑖𝑗 , 𝑥𝑖𝑗

𝑘 } . In a DNN task, subtask 

dependency captured in the DAG is shown in Fig.2. 𝑣𝑖 =
{𝑣1

𝑖 , 𝑣2
𝑖 , … … , 𝑣𝑝

𝑖 } is the set of subtasks in the DNN task  𝑖. Every 

subtask 𝑣𝑝
𝑖  represents a layer of the DNN. In addition, to 

characterize the dependencies among subtasks, 𝑮𝑖𝑗 =

{𝒈𝑖𝑗 , 𝑙𝑖𝑗𝑧 , 𝛼𝑖𝑗𝑧} is the collection of relationships between parent 

and child subtasks in a DAG. Each subtask unable to begin until 

all of its parent subtasks have been completed. For each DNN 

task, we measure both the transmission cost and the 

computation cost of tasks. 

TABLE 1. SUMMARY OF NOTATIONS 

Notation Description 

𝑵 

𝑵 = {𝑵1, , 𝑵2, … … , 𝑵𝑚},  

𝑴 = {1,2, … … , 𝑚} is a currently 

available set of nodes. 

Each node is defined as  

𝑵𝑘 = {𝑐𝑘 , 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑘 , 𝐿𝑖
𝑘 , 𝛽𝑘}, ∀𝑘 ∈

𝑀. 
𝑐𝑘  is the computation resources of 
node 𝑘. 
𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑘 is the unit computation 
cost node 𝑘. 

𝐿𝑖
𝑘 is the distance between the location 

of node 𝑘 and the initial node of task 𝑖. 
𝛽𝑘 is the proportion of remaining 

computing resources of node 𝑘. 

𝑾 

𝑾 = {𝑾1, , 𝑾2, … … , 𝑾𝑛},  

𝑸 = {1,2, … … , n} is the total number 
of current inference tasks. 
Each task can be divided into some 

subtasks and each subtask is defined as  

𝑾𝑖 = {𝑦𝑖 , 𝑇𝑖 , 𝑤𝑖𝑗 , 𝑮𝑖𝑗 , 𝑑𝑖𝑗 , 𝑡𝑖𝑗 , 𝑥𝑖𝑗
𝑘 }. 

𝑦𝑖  is the number of subtasks of task 𝑖. 
𝑇𝑖  is the deadline of task 𝑖. 
𝑤𝑖𝑗 is the computing resources 

required for subtask 𝑗 of subtask 𝑖. 
𝑑𝑖𝑗  is the amount of transmitted data 

required for subtask 𝑗 of task 𝑖.  
𝑡𝑖𝑗 is the arrival time of subtask 𝑗 of 

task 𝑖. 

𝑥𝑖𝑗
𝑘 , 𝑥𝑖𝑗

𝑘 ∈ {0,1}, is a binary variable, 

representing whether subtask 𝑗 of task 
𝑖 is offloaded to node 𝑘. 

𝑮𝑖𝑗  

𝑮𝑖𝑗 = {𝒈𝑖𝑗 , 𝑙𝑖𝑗𝑧 , 𝛼𝑖𝑗𝑧} is the collection of 

relationships between parent and 
child subtasks in a DAG. 



𝒈𝑖𝑗 , 𝑧 ∈ 𝒈𝑖𝑗 , is the set of numbers 

representing whether subtask 𝑧 is the 
parent of subtask  𝑗. 
𝑙𝑖𝑗𝑧 is the link distance between 

subtask 𝑧 and subtask 𝑗 after 
placement. 
𝛼𝑖𝑗𝑧 is the tensor transmission ratio 

from subtask 𝑧 to subtask 𝑗 of task 𝑖. 

𝑢𝑛𝑖𝑡_𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡 The unit transmission cost. 

𝑢𝑛𝑖𝑡_𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑘 The unit computation cost of node 𝑘. 

𝑡𝑟𝑎𝑛_𝑡𝑖𝑚𝑒 
The transmission delay per unit 
distance. 

𝑐𝑜𝑚𝑝_𝑡𝑖𝑚𝑒𝑖𝑗
𝑘  

The computation time of offloading of 
node k for subtask 𝑗 in task 𝑖. 

𝑆𝐿𝐴𝑉𝑖𝑗
𝑘 

Service level agreement violation, 
indicating the service level of node 𝑘 
for subtask 𝑗 in task 𝑖. 
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Figure 1.  Edge-network-cloud network system model 
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Figure 2.  An example of DAG for a DNN task 

B. Transmission Cost Model 

The transmission cost 𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡𝑖  of task 𝑖 is the sum of the 

transmission costs of all subtasks. The transmission cost of 

subtask 𝑗  includes the offloading cost 𝑜𝑓𝑓𝑙𝑜𝑎𝑑𝑖𝑛𝑔_𝑐𝑜𝑠𝑡𝑖𝑗  of 

transmitting subtask 𝑗 to the offloaded node and the tensor cost 

𝑡𝑒𝑛𝑠𝑜𝑟_𝑐𝑜𝑠𝑡𝑖𝑗  of transmitting tensor from all predecessor 

subtasks to subtask 𝑗. 

The offloading cost 𝑜𝑓𝑓𝑙𝑜𝑎𝑑𝑖𝑛𝑔_𝑐𝑜𝑠𝑡𝑖𝑗  depends on the 

amount of data and the distance between the initial node of 
task 𝑖  and the offloaded node. The offloading cost 

𝑜𝑓𝑓𝑙𝑜𝑎𝑑𝑖𝑛𝑔_𝑐𝑜𝑠𝑡𝑖𝑗  of subtask 𝑗 in task 𝑖 is calculated as: 

𝑜𝑓𝑓𝑙𝑜𝑎𝑑𝑖𝑛𝑔_𝑐𝑜𝑠𝑡𝑖𝑗 = ∑ 𝑥𝑖𝑗
𝑘 𝑑𝑖𝑗𝐿𝑖

𝑘 · 𝑢𝑛𝑖𝑡_𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡𝑚
𝑘=1  (1) 

The tensor cost 𝑡𝑒𝑛𝑠𝑜𝑟_𝑐𝑜𝑠𝑡𝑖𝑗  depends on the tensor size 

from predecessor subtasks and the distance between 

predecessor subtasks and subtask 𝑗 . The tensor cost 

𝑡𝑒𝑛𝑠𝑜𝑟_𝑐𝑜𝑠𝑡𝑖𝑗  of subtask 𝑗  in task 𝑖  is calculated as: 

𝑡𝑒𝑛𝑠𝑜𝑟_𝑐𝑜𝑠𝑡𝑖𝑗 = ∑ ∑ 𝑥𝑖𝑗
𝑘 𝑔𝑖𝑗𝑧𝛼𝑖𝑗𝑧𝑑𝑖𝑧𝑙𝑖𝑗𝑧 ·𝑚

𝑘=1𝑧∈𝒈𝑖𝑗

𝑢𝑛𝑖𝑡_𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡                (2) 

The transmission cost 𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡𝑖  of task 𝑖 is calculated as: 

𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡𝑖 = ∑ 𝑜𝑓𝑓𝑙𝑜𝑎𝑑𝑖𝑛𝑔_𝑐𝑜𝑠𝑡𝑖𝑗
𝑦𝑖
𝑗=1 + ∑ 𝑡𝑒𝑛𝑠𝑜𝑟_𝑐𝑜𝑠𝑡𝑖𝑗

𝑦𝑖
𝑗=2  

(3) 

C. Computation Cost Model   

The computation cost 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑖  of task 𝑖 is the sum of the 

computation costs of all subtasks. We define 𝑆𝐿𝐴𝑉𝑖𝑗
𝑘 as service 

level agreement violation, which describes the service level of 

node 𝑘 offloading subtask 𝑗 in task 𝑖. 

𝑆𝐿𝐴𝑉𝑖𝑗
𝑘 =

𝑥𝑖𝑗
𝑘 𝑤𝑖𝑗

𝛽𝑘𝑐𝑘−∑ ∑ 𝑥𝑖𝑗
𝑘 𝑤𝑖𝑗

𝑦𝑖
𝑗=1

𝑛
𝑖=1

 , 𝛽𝑘𝑐𝑘 > ∑ ∑ 𝑥𝑖𝑗
𝑘 𝑤𝑖𝑗

𝑦𝑖
𝑗=1

𝑛
𝑖=1 (4) 

where 𝛽𝑘𝑐𝑘 is the remaining computing resources of node 𝑘. 

When 𝛽𝑘𝑐𝑘 ≤ ∑ ∑ 𝑥𝑖𝑗
𝑘 𝑤𝑖𝑗

𝑦𝑖
𝑗=1

𝑛
𝑖=1 , the node 𝑘 can not satisfy the 

offloading requirements of subtask 𝑗 . The reassignment job 

offloading policy {𝑥𝑖𝑗
𝑘 } is adopted until SLAV of all nodes is 

satisfied. 

The computation cost 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑖  of task 𝑖 is the sum of the 

computation costs of all subtasks. The computation cost of 

subtask 𝑗 depends on the amount of data and the service level 

of offloaded node 𝑘. Thus, the computation cost 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑖  

of task 𝑖 is calculated as: 

𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑖 = ∑ ∑ 𝑆𝐿𝐴𝑉𝑖𝑗
𝑘 · 𝑑𝑖𝑗 · 𝑢𝑛𝑖𝑡_𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑘

𝑚

𝑘=1

𝑦𝑖

𝑗=1

 

(5) 

D. Problem Formulation 

We aim to minimize the total cost of all subtask offloading 

decisions with the following constraints. For each task, both the 

transmission cost and the computation cost are considered. The 

multi-source DNN task offloading problem is defined as 

follows: 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑐𝑜𝑠𝑡 = ∑ (𝑡𝑟𝑎𝑛_𝑐𝑜𝑠𝑡𝑖 + 𝑐𝑜𝑚𝑝_𝑐𝑜𝑠𝑡𝑖)
𝑛
𝑖=1        (6) 

 𝑠. 𝑡. 𝑥𝑖𝑗
𝑘 𝑔𝑖𝑗𝑧(𝑡𝑖𝑗 − 𝑡𝑖𝑧 − 𝑐𝑜𝑚𝑝_𝑡𝑖𝑚𝑒𝑖𝑗

𝑘 − 𝑙𝑖𝑗𝑧 · 𝑡𝑟𝑎𝑛𝑡𝑖𝑚𝑒) ≥ 0 

         ∀𝑖 ∈ 𝑵, 𝑗 ∈ 𝑦𝑖 , 𝑘 ∈ 𝑴, 𝑧 ∈ 𝒈𝑖𝑗𝑧                                         (7) 

                  𝑡𝑖𝑗 + 𝑐𝑜𝑚𝑝_𝑡𝑖𝑚𝑒𝑖𝑗
𝑘 ≤ 𝑇𝑖                            (8) 

   𝑥𝑖𝑗
𝑘 ∈ {0,1}          (9) 

Constraint (7) is the time constraint of the subtask 𝑗 , 

indicating that the start time 𝑡𝑖𝑗 of subtask 𝑗 must be after the 

end time of all its predecessor tasks. Constraint (8) is the 

demand constraint of task 𝑖, indicating that the completion time 

of the last subtask 𝑗  can not exceed the deadline of task 𝑖 . 

Constraint (9) is the inherent constraint of offloading 

association. 

III.  DNN TASK OFFLOADING ALGORITHM 

In this section, the DNN task offloading strategy based on 

PSO algorithm are introduced.  First, the task is input by the 



MEC device and the subtasks of the task are sorted. Then, PSO 

algorithm is used to constantly update the offloading position. 

When convergence is achieved, the optimal offloading position 

is obtained. 

Subtask sorting: First, topological sorting is used for each 

subtask within each task to realize the transformation from 

graph to list and obtain the topological sorting priority of each 

subtask. Select the vertex whose input degree is 0 and output it 

to the list. Delete this vertex and all outgoing edges from the 

network. Continue to loop until completion and get the 

topological sorting priority of each subtask [15].  

Then, we define the global priority 𝐸𝑖𝑗 of subtask 𝑗 in task 𝑖. 

The global priority depends on the deadline of task 𝑖 and the 

topological sorting priority of subtask 𝑗. The global priority 𝐸𝑖𝑗  

of subtask 𝑗 in task 𝑖 is calculated as: 

𝐸𝑖𝑗 =
𝑇𝑖

∑ 𝑇𝑖
𝑛
𝑖=1

· 𝑒𝑗，𝑒𝑗 > 0   (10) 

where 𝑇𝑖  is the deadline of task 𝑖  and 𝑒𝑗  is the topological 

sorting priority of subtask 𝑗 in task 𝑖. 
Particle swarm optimization: PSO algorithm is a stochastic 

optimization technique. Its basic idea is to find the optimal 

solution through cooperation and information sharing among 

individuals in the swarm. PSO algorithm designs particles with 

moving speed and moving direction.  Each particle searches the 

optimal solution respectively in the search space, records it as 

the current particle extreme value, shares its with other particles 

in the whole particle swarm and compares to get the current 

global extreme value. All particles adjust their speed and 

position according to their current particle extreme value and 

the current global extreme value. 

In the previous section, we have modelled the system model 

and the task relationships. In the PSO algorithm, the particle 

coding adopts integer coding and the set of all particle is the 

swarm. The particle position vector 𝑿 = {𝑥𝑖𝑗
𝑘 }  is used to 

indicate that all subtasks are offloaded to the corresponding 

MEC device, INC device or cloud. The particle constraint 

velocity vector is used to represent the maximum speed and this 

constraint is represented by 𝑉𝑚𝑎𝑥 . If the particle flies too fast, it 

is likely to fly directly past the optimal solution position. The 

fitness function of the particle is the total cost of all subtask 

offloading decisions with the constraints, as shown in Eq. (6). 

The DNN task offloading strategy based on PSO algorithm 

is shown in Table 2. 

Step 1: Initialize the swarm. We give the initial velocity 

vector and initial position vector of the particle. We also give 

the swarm size 𝐿={1,2, … … , 𝑙} and set various parameters. 

Step 2: Calculate the fitness value. We calculate the fitness 

value of the particle according to Eq. (6) and save it. We 

compare it with the historical optimum fitness value of the 

particle, save the smaller value as the optimum fitness value. 

Step 3: Find the global optimum fitness value of the swarm. 

The smallest optimum fitness value of the swarm is used as the 

global optimum fitness value and every particle preserves it. 

Step 4: Update the particle velocity and position. Each 

particle updates its velocity and position in the iteration. In 

iteration 𝑡+1, the velocity 𝑉𝑙,𝑡+1 is calculated as: 

𝑉𝑙,𝑡+1 = {

𝜔 × 𝑉𝑙,𝑡 + 𝑐1 × 𝑟1 × (𝑃𝑙,𝑏𝑒𝑠𝑡 − 𝑃𝑙,𝑡)

+𝑐2 × 𝑟2 × (𝐺𝑏𝑒𝑠𝑡 − 𝑃𝑙,𝑡), 𝑉𝑙,𝑡+1 < 𝑉𝑚𝑎𝑥

                                 𝑉𝑚𝑎𝑥 ,       𝑉𝑙,𝑡+1 > 𝑉𝑚𝑎𝑥

 (11) 

where 𝜔 is the inertia weight used to adjust the search range of 

the solution space, 𝑃𝑙,𝑏𝑒𝑠𝑡  is the optimum fitness value of the 

particle 𝑙 , 𝐺𝑏𝑒𝑠𝑡  is the global optimum fitness value of the 

swarm. 𝑟1 and 𝑟2 are random numbers in the interval [0,1]. 𝑐1 

and 𝑐2  are two learning factors representing the weights of 

acceleration terms that guide each particle toward 𝑃𝑙,𝑏𝑒𝑠𝑡  and 

𝐺𝑏𝑒𝑠𝑡 , respectively. 

In iteration 𝑡+1, the position 𝑃𝑙,𝑡+1 is calculated as: 

𝑃𝑙,𝑡+1 = 𝑃𝑙,𝑡 + 𝑉𝑙,𝑡+1    (12) 

Step 5: Check whether the algorithm is complete. When the 

number of iterations is less than the maximum number of 

iterations, repeat step 2, step 3 and step 4. Otherwise, the 

iteration terminates. 

TABLE 2. DNN TASK OFFLOADING STRATEGY BASED ON PSO  

Algorithm DNN task offloading strategy based on PSO 
1: Initially, set initial values including iteration T, swarm size 

L, particle velocity, particle position, inertia weight 𝝎, learning 

factor parameters 𝒄𝟏 and 𝒄𝟐 and other parameter conditions 

2: for i = 1 to L do 

3:    while satisfy the constraints do 

4:    Calculate the fitness value of each particle and update 

the optimum fitness value of each particle 

5:     Update the speed and position of each particle 

6:  end while 

7: Update the global optimum fitness value 

8: end for 

9: Output optimal offloading solution 
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Figure 3.  Network topology 
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Figure 4.  DAG structure for three types of DNN tasks 

IV. EXPERIMENTAL RESULTS AND ANALYSIS 



We realize PSO algorithm through Python and simulate the 

offloading scenarios in the computing power network.  

We consider the network model in Fig. 1 and on the basis of 

the traditional computing power network, we use the traditional 

routing nodes existing in the network shown in Fig. 3. In the 

network topology, parameters such as links are set randomly. 

In this simulation, the link is set to 100Mbps. Consider the 

heterogeneous nodes, we set the computing resource to 2 GHz 

for each MEC device, to 5 GHz for each primary INC device 

and to 3 GHz for each secondary INC device. The default unit 

computation cost of node is set to 1. For cloud, we set the 

computing resource to 10 GHz and the default unit computation 

cost to 1.12. The proportion of remaining computing resources 

𝛽𝑘 is randomized to (0.6,0.8). The default input is three types 

of DNN tasks with different DAG, as shown in Fig. 4. For 

inference task 𝑖 , service access is randomly performed from 

four arbitrary edge nodes and the task deadline is randomized 

to (20,75) seconds. The transmission ratio 𝛼𝑖𝑗𝑧 of each subtask 

is set to (0.01,0.05) and the amount of transmitted data 𝑑𝑖𝑗  is 

randomized to (1.5, 2) Mbit. By default, the distance between 

subtasks is the number of hops between offloaded nodes and 

the unit of transmission is set to 0.5. In addition, we set the 

inertia weight 𝜔 to 0.08 and the speed constraint 𝑉𝑚𝑎𝑥   to 10. 

We set the learning factor 𝑐1  to 0.2 and 𝑐2  0.5. We set the 

swarm size to 10 and the number of iterations to 20 [16]. During 

the evaluation process, the value of each parameter may change. 
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Figure 5.  Task number and cost under different algorithms 

Fig. 5 shows the total network cost of greedy algorithm and 

PSO algorithm in the same simulation environment. It can be 

seen that the cost of the greedy algorithm is always lower than 

that of PSO algorithm. As the number of input inference tasks 

increases, the cost difference between the two algorithms 

decreases and the cost of PSO algorithm tends to the cost of 

greedy algorithm. 
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Figure 6.  Iteration number and cost under different scenarios 

We define three experimental network scenarios. Scenario 1: 

Traditional network without INC devices. Scenario 2: All 

network devices have in-network computing ability. Scenario 

3: Network devices include INC devices and traditional routing 

devices without computing ability. We conducted experiments 

in three network scenarios, as shown in Fig. 6. It can be seen 

that in scenario 1, subtasks can only be offloaded in MEC and 

cloud with computing ability. The iteration is easy to converge 

and the cost is relatively high. In scenario 2, the convergence 

speed is slow and there are no traditional routing devices in 

scenario 2, so INC devices can achieve the lowest cost of the 

network through the pass-by-pass calculation. However, 

scenario 2 is an idealized model while scenario 3 has a low cost 

and is more prepared to implement the value in practice. 
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Figure 7.  Impact of SLAV on network node congestion 

In addition, Fig. 7 verifies that the SLAV parameter plays a 

role in resource balancing in the global network. If the 

computing resource of a network device exceeds 80% the 

device is defined as a congested device. In the task offloading 

algorithm, the network with SLAV parameter optimization 

decreases the number of congested nodes and tends to be stable 

with the increase of iteration times, while the network without 

SLAV parameter optimization only considers the minimization 

cost, does not consider the balance of computing resources of 

nodes in the network. 

V. CONCLUSIONS 



This paper aims at the multi-source DNN task offloading problem, 

which combines edge computing, in-network computing and cloud 

computing. At the same time, it makes full use of the traditional 

routing nodes in the network with no computing capacity and takes the 

resource cost as the utility function of the problem optimization. PSO 

algorithm is used to solve the problem in the offloading scheme 

optimization, SLAV is introduced and the network resources are 

offloaded in balance while the quality of service of users is satisfied. 

Simulated experiment results that there is an optimal deployment in 

the network, which can make full use of the computing resources and 

bandwidth resources of the network, significantly reduce the 

computational pressure and transmission overhead of the whole 

network, and achieve the balanced offloading of node resources. 
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