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ABSTRACT

The popularity and convenience of mobile medical image analysis and diagnosis in
mobile edge computing (MEC) environments have greatly improved the efficiency
and quality of healthcare services, necessitating the use of deep neural networks
(DNNs) for image analysis. However, DNNs face performance and energy
constraints when operating on the mobile side, and are limited by communication
costs and privacy issues when operating on the edge side, and previous edge-end
collaborative approaches have shown unstable performance and low search efficiency
when exploring classification strategies. To address these issues, we propose a DNN
edge-optimized collaborative inference strategy (MOCI) for medical image diagnosis,
which optimizes data transfer and computation allocation by combining
compression techniques and multi-agent reinforcement learning (MARL) methods.
The MOCI strategy first uses coding and quantization-based compression methods
to reduce the redundancy of image data during transmission at the edge, and then
dynamically segments the DNN model through MARL and executes it
collaboratively between the edge and the mobile device. To improve policy stability
and adaptability, MOCI introduces the optimal transmission distance (Wasserstein)
to optimize the policy update process, and uses the long short-term memory (LSTM)
Submitted 12 September 2024 network to improve the model’s adaptability to dynamic task complexity. The
Accepted 25 January 2025 experimental results show that the MOCI strategy can effectively solve the
Published 5 March 2025 collaborative inference task of medical image diagnosis and significantly reduce the
latency and energy consumption with less than a 2% loss in classification accuracy,
with a maximum reduction of 38.5% in processing latency and 71% in energy
consumption compared to other inference strategies. In real-world MEC scenarios,
MOCI has a wide range of potential applications that can effectively promote the
development and application of intelligent healthcare.
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INTRODUCTION

With the rapid development of deep learning technology, deep neural networks
(DNNs) have demonstrated significant advantages in medical image analysis. DNNs
are capable of automatically learning complex feature representations from a large
amount of medical image data and have shown the potential to outperform traditional
methods, especially in tasks such as cancer screening, tumor detection and organ
segmentation.

Despite the remarkable results achieved by DNN in medical image analysis, the
application of DNN in medical image analysis faces major challenges due to the explosion
of image data and the increasing demand for accurate diagnosis (Liu et al., 2024), whose
computational complexity and high-dimensional data processing requirements make it
difficult to run a complete DNN model on a single device. In particular, when processing
high-resolution images and large datasets, traditional medical devices typically lack
sufficient computational resources to support real-time inference. In addition, medical
image analysis requires extremely high accuracy and real-time performance, while DNN
models typically require a large amount of computational resources, resulting in slower
inference and higher latency, making it difficult to meet the demands of real-time medical
diagnosis.

Mobile edge computing (MEC) has emerged as a new computing model to solve the
problem of insufficient computing resources (Lin et al., 2023). By shifting computing
power to edge devices closer to users (Shi et al., 2016), MEC can effectively reduce data
transmission delays and improve real-time performance (Jedari et al., 2021). However,
MEC solutions also face several challenges:

i. Device performance limitations: Although edge devices have some computational
capability, it is still difficult to fully perform the inference task of complex DNN models
due to their limited resources.

ii. Communication latency and bandwidth problem: Edge-side collaborative inference
often involves communication between multiple devices, especially when the neural
network performs model slicing (Kang et al., 2017), and transmitting the intermediate
layer feature data increases the bandwidth load and latency, affecting the overall
performance of the system.

Current collaborative inference methods usually define tasks only by the size of input
data and the number of CPU cycles required, ignoring the indivisibility of individual DNN
layers, resulting in task assignment that does not fully consider the details and complexity
of the inference process. In addition, the multi-agent collaborative inference problem
contains a hybrid action space, such as discrete offloading channels and the continuous
transmit power, while the existing methods only focus on either a discrete or continuous
action space, which makes the existing strategies less adaptive and robust in the face of
dynamic network changing conditions and multi-device interference. Especially in the
field of medical imaging, the shortcomings of traditional methods become more and more
significant, and it is difficult to meet the requirements of efficient inference and high
accuracy in practical applications.
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To solve the above problems, we propose a DNN edge-end optimized collaborative
inference strategy (MOCI) for medical image diagnosis with respect to the specific needs of
the medical image diagnosis classification task. The MOCI strategy makes extensive use of
edge computing, model segmentation, feature compression, and task offloading and
scheduling to achieve efficient distributed inference. Specifically, the pre-training model
for medical image classification is divided into two parts, which are executed on the user
equipment (UE) and edge servers respectively, and the intermediate feature compression
technique is used to reduce the amount of transmitted data and computation delay, and
through reasonable scheduling in the edge environment, it ensures that the medical image
cloud platform can run efficiently and stably even during peak hours to provide timely
medical image analysis services (Liu et al., 2023). The main contributions of this article are

summarized as follows:

1) We propose a compression method for edge scenarios that uses regularization to
prevent overfitting and combines an autoencoder and a quantization module to
compress intermediate features, achieving a reduction in latency and energy
consumption with less than a 2% loss in classification accuracy.

2) We propose a method based on multi-agent reinforcement learning (MARL), which
introduces the optimal transmission distance (Wasserstein) under the original strategy
to further constrain the old and new strategies. Meanwhile, in order to effectively cope
with the dynamic changes of the network and the complexity of the task, a long short-
term memory (LSTM) structure is combined in the criterion network, which takes
advantage of the LSTM’s ability to process sequential data and improves the accuracy
and stability of the criterion network in evaluating state-action pairs.

3) The proposed MOCI strategy can handle multiple agents and use a hybrid action space
while accounting for interference between multiple user devices.

The rest of this article is organized as follows. “Related work™ presents the related work.
“System overview and problem modeling” illustrates an overview of the system and the
modeling of the problem, including considerations of the task model, communication
model, computational model, and problem description. “System design” is used for system
design, including compression features and DNN segmentation programming.
“Experiments” design the simulation experiment and present the numerical results.
Finally, a summary of our work and future plan is presented in “Conclusion”.

RELATED WORK

Relevant studies on mobile medical image inference can be classified into three categories
based on the deployment method: mobile-based inference, edge/cloud-based inference,
and collaborative inference.

Mobile inference

Zulkifley et al. (2021) proposed a residual mixing network with a spatial pyramid pooling
module to implement an automated pneumonia screening system based on X-ray imaging,
and the lightweight network model and residual mixing unit make it suitable for mobile
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applications. Vaze, Xie ¢» Namburete (2020) used separable convolution for fast medical
image segmentation and reduced the number of parameters to facilitate mobile
deployment. However, the drawback is that all the above studies are difficult to meet the
application scenarios with high real-time requirements. Gan et al. (2021) simplified model
parameters by model pruning method to reduce model size and computation time, and
applied it to carotid artery image segmentation for mobile devices. However, the inference
model speed and accuracy still need to be improved. Garifulla et al. (2021) implemented a
mobile device-based classification of benign and malignant breast cancer using a
quantization technique to simplify the network model, but its performance was limited by
being limited to mobile devices.

Edge/cloud inference

Xu et al. (2023) proposed a pneumonia detection scheme based on chest X-ray image
classification in an edge computing environment, which relieves the computational
pressure of centralized data centers. Shi, Duan ¢ Chen (2021) deployed the diagnostic
network on the edge nodes, which maintained the network training and diagnostic
inference services, enabling automated diagnosis, but falling short of optimal resource
allocation. He et al. (2023) proposed a cloud-based medical image segmentation method
using multi-feature extraction and interactive fusion, which uses cloud computing to
process a large number of medical images, overcoming the limitations of local computing
power. Kumar et al. (2018) proposed a new cloud and Internet of Things (IoT)-based
neural classifier for detecting and diagnosing serious diseases. The above studies focus on
edge or cloud considerations and ignore the impact of energy consumption and latency.

Collaborative inference

Research related to collaborative inference can be divided into three areas: model
partitioning, feature compression, and computational offloading scheduling. Table 1
summarizes the limitations of each and the key features of the MOCI strategy.

Model partitioning
Collaborative inference splits a DNN into two or more parts and executes each part on a
different device. Collaborative inference emphasizes the deployment of DNNs, whereas
MEC focuses on the offloading process. The partitioning of DNNs can be performed
horizontally or vertically, or a DNN task can be used directly as the unit of partitioning.
Kang et al. (2017) first proposed to partition DNNs for deployment by designing a
lightweight scheduler, Neurosurgeon, which can automatically partition DNNs between
mobile devices and data centers according to the granularity of neural network layers. Mao
et al. (2017) proposed MoDNN, a locally distributed mobile computing system for DNN
applications, which partitions an already trained DNN model across multiple mobile
devices to accelerate DNN computation by reducing device level computational cost and
memory consumption. Zhao, Barijough ¢ Gerstlauer (2018) proposed DeepThings, a
framework for adaptively distributed execution of inference applications on resource-
constrained IoT edge clusters, which achieves parallel acceleration by partitioning DNN
layers. Li, losifidis & Zhang (2022) used dynamic programming to solve the fusion block
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Table 1 Comparison of key features of MOCI and other strategies.
Limitation MOCI

Model partitioning .

Feature compression o

Computational offloading and e
scheduling

Single test model with poor generalization ¢ Compatible with various DNN architectures

Ignore dynamic requirements in complex scenarios e Higher generalizability

¢ Optimize partitioning in a dynamic environment

Failure to meet real-time and end-user requirements ¢ Provide endpoint demand-aware feature compression

Difficulty in balancing compression rate and scheme

inference accuracy ¢ Combine with task scheduling to improve system
performance

Focus on a single scene and do not analyze the ¢ Fusion of hybrid action space and multi-agent

hybrid action space reinforcement learning techniques

Difficulty in coping with large-scale tasks and multi-  Improve the efficiency of collaborative thinking across
device environments multiple devices

selection problem and used a greedy strategy to achieve edge device selection. However, the
above existing studies test a more homogeneous model and do not reflect the
generalizability to different DNN architectures.

Feature compression

The transmission of intermediate features during network model slicing causes a lot of
delay and energy consumption, which affects the inference efficiency. Therefore,
intermediate feature data must be processed effectively to achieve overall system
performance improvement.

Shao ¢ Zhang (2020) proposed BottleNet++, an end-to-end architecture consisting of
an encoder, a non-trainable channel layer and a decoder, which achieves efficient feature
compression and transmission by accounting for the effect of channel noise but ignoring
the real-time requirements of the system. Li et al. (2018) proposed JALAD, a joint accuracy
and latency-aware execution framework that decouples DNNs so that part of the
computation is performed on the edge device and the other part is performed in the
traditional cloud, with only a minimal amount of data transferred between the two. Ding
et al. (2023) proposed a new edge cloud DNN collaborative computing framework, JMDC,
based on joint modeling and data compression. JMDC uses an attention mechanism to
select important model channels for efficient inference and uses quantization techniques to
reduce the actual number of bits in the transmitted important intermediate outputs.
Although all of the above studies have considered inference between cloud and edge, and
decoupled and compressed the model to effectively reduce the inference energy
consumption, they have not considered the endpoint requirements and have not further
investigated the coordinated assignment of tasks.

Computational offloading and scheduling

Through computational offloading and scheduling optimization, it achieves a reasonable
distribution of DNN components in the MEC environment, thus improving overall system
performance.
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Wang et al. (2022) performed fine-grained decomposition of DNN tasks and proposed a
cloud-side-end collaborative dynamic task scheduling mechanism based on DNN layer
partitioning technology, which can achieve collaborative computation between the cloud
and the side-end of the DNN model and improve the execution efficiency of the DNN
model. Yuan et al. (2023) considered a continuous DNN inference task and proposed an
algorithm based on asynchronous dominance actor-critic (A3C) to manage the
transmission power and channel selection of terminals. Su et al. (2022) designed a DNN
partitioning and heuristic computational resource allocation algorithm based on deep
deterministic policy gradient based on Lyapunov optimization technique and
reinforcement learning, which effectively reduces the complexity of policy training by
observing the environment to train the policy to dynamically decide the DNN partition.
Zhang et al. (2023) studied the joint energy and delay optimization problem for DNN
partitioning and task offloading, and used the PPO-based DPTO algorithm to solve the
DNN partitioning and task offloading problem so that the mobile device can make the best
scheduling decisions. Xiao et al. (2022a) proposed an energy-efficient MEC collaborative
inference scheme based on MARL, which allows each mobile device to select both the
partition point for deep learning and the collaborative edge for each mobile device based
on the number of images, channel conditions, and pre-inference performance. Since the
optimal partition point and edge selection depends on the inference cost model of a
particular deep learning architecture and the channel model from the device to the edge
server, which is challenging in practical MEC, Xiao et al. (2022b) also proposed an energy-
efficient collaborative inference scheme for MEC based on MARL, which selects the
partition point of the deep learning model and the collaborative edge servers based on the
environmental conditions. All of the above studies focus on discrete or continuous action
spaces, consider a single scenario, and do not analyze and discuss hybrid actions in
practical applications.

SYSTEM OVERVIEW AND PROBLEM MODELING

System overview

In the task of mobile medical image inference in MEC scenarios, to meet the requirements
of DNN inference for high accuracy, low latency and energy consumption, we propose a
collaborative inference strategy MOCI. The overall process is illustrated in Fig. 1.

In the MOCI strategy, the processes of task assignment, model partitioning and data
transfer are closely coordinated to achieve efficient edge-end collaborative inference. First,
the UE acquires image data from the medical imaging device and performs preliminary
data processing and feature extraction locally. The UE extracts image features using deep
learning models and compresses these features using autoencoder and quantization
techniques to reduce the amount of data to be transmitted. The compressed intermediate
feature data is then uploaded to the edge server. On the edge server side, the optimal
segmentation point of the DNN model is first determined, followed by the partitioning of
the model into different parts to perform inference tasks. The edge server processes the
intermediate feature data transferred from the UE and performs more complex inference
tasks. Finally, the edge server completes the inference and returns the diagnosis results to
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Figure 1 General flow diagram. Full-size 4] DOT: 10.7717/peerj-cs.2708/fig-1

the UE, which then displays the final inference results for further diagnosis and decision
making by the doctor.

In this section, we consider a cooperative end-edge environment consisting of multiple
UEs, wireless base stations (BSs), and edge servers. And investigate the energy and delay
optimization problem for neural network model partitioning and task offload scheduling
in MEC scenarios. In the system, an edge server typically has to serve multiple UEs, i.e.,
multiple UEs perform model inference for disease classification and diagnosis in medical
imaging using only one edge server. The UEs communicate with the BSs via a wireless
channel, and the BSs are connected to the edge servers via optical fiber. The edge server
makes a decision based on the current state of the system and decides whether the task
should be processed on the UE holding the task or on the edge server. The decision-
making process takes into account several factors, including computational resources,
communication overhead, and latency energy consumption. The overall goal of the system
is to optimize the system’s decision-making so that all tasks are completed in the shortest
possible time while minimizing the energy consumption of the whole system. The system
scenario diagram is shown in Fig. 2.

Task inference model

The device edge collaborative inference framework splits the neural network on mobile
devices and edge servers to decouple the DNN into multiple parts. Taking the deep
residual model as an example, the DNN can be divided into layers or residual blocks. The
set of end-users is denoted by U € {1,2,...... , N}, where N is an integer denoting the
total number of UEs in the set. At the terminal, status information for each user includes
the number of tasks currently outstanding on the device, the time remaining for local
inference and feature compression for tasks currently completed, the size of the remaining
data to be offloaded, and the distance from the UE to the edge server.

Both each UE and the edge server use a pre-trained neural network model to compute
their tasks. Consider a case where the length of a time slot is T. At the end of the previous
frame, each UE sends its user state information to the edge server, which collects the states
of all UEs and stores them in the state pool.

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 7/30


http://dx.doi.org/10.7717/peerj-cs.2708/fig-1
http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

PeerJ Computer Science

Cloud ( Q cloud \
ou .
g | a database l

T ‘) medical |
imaging .

&

A
(l/g() BS |
I T data link I

wireless
link

—
— —
P =
-
~—

1

Q

I

( A )) ____&—~ fiber optic |

| — ¢~ link
' \ : R |
=] ES .
Terminal I | = |
® B AR i) e

v - :
U l [— inference |
"~ N7
Figure 2 System scenario diagram. Full-size ] DOI: 10.7717/peerj-cs.2708/fig-2

In the above environment, each UE has to perform several DNN model inference tasks.
The DNN model executed by the UE U; can be represented as J; = {D, L, «, §}, where D
denotes the dimension of the DNN input layer, each layer of the DNN is denoted as
L=A{l,hL,...... , I}, and n denotes the number of layers of the DNN. « and f represent
the sensitivity of the DNN inference task to delay and energy consumption, respectively. In
this article, we define division points d(d € {0,1,...... , H}) to divide the model, and the
division points determine the layer at which the DNN tasks are divided. It is assumed that
the model deployed on terminal N has H, partition points, which means that the model
deployed on N can be divided into H,, + 1 parts. If d = 0 or d = H, it means that there is
no partitioning of the DNN model and the whole model is inferred on the edge server or
end device. When d € [1,H — 1], it indicates that the DNN is divided. Layers 1 to d are
inferred on the end device, and layers d + 1 to H are oftloaded to the edge server for
inference. The intermediate features output from the inference of layer d are transmitted to
the BS through the wireless channel, and then the BS transmits these data to the edge
server through the optical fiber, and the edge server, after completing the inference task
after layer H, transmits the inference results back to the end device.

Communication model

During the model data offload process, the UE first communicates with the BS via a
wireless channel. The data is then transmitted from the BS to the edge server via a high-
speed fiber network, and each user transmits the data at a specific power level via a specific
offload channel. The offload channel and transmission power of UE # are denoted by ¢,
and p,,, respectively, wherec, € {1,...... ,C} and p,, > 0. Together with the segmentation
point d,, they also form the inference action of UE #, denoted as (c,, py, d,). In the
inference action, the split point determines which part of the task is split into local and
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offloaded computation. The offload channel determines which wireless channel is used to
transmit the data, and the channel selection must take into account the current channel
usage and channel quality to ensure the reliability and efficiency of the data transmission.
The transmission power determines the amount of power used for the data transmission,
and the appropriate transmission power should ensure the success rate of the data
transmission and save as much energy as possible. The decision maker in the system
provides inference actions for all UEs based on the policy and selects the optimal
combination of inference actions for each UE based on the current system state and the
policy. A policy is a probability distribution of all possible inference actions that selects
the optimal inference action for each UE based on historical data and the current state of
the system. Based on the above definition, the uplink data rate between UEs and edge
servers can be calculated, and according to Shannon’s theorem:

Pn&n
R,(m) = byl 1 1
(m) 0g2< + +Zi€N\{n}pigi) (1)

where b, is the bandwidth of channel ¢,, g, is the channel gain between UE n and radio
channel ¢,, and «,, is the background noise power of channel ¢,.

Computation model

In the MEC scenario, the latency due to task segmentation and the additional latency
incurred on the server in the worst case is a small constant (Chen ¢» Wang, 2020), which is
negligible compared to the total latency during the processing of the entire diagnostic
image classification task and does not affect the optimization results. The total
collaborative inference delay in DNN collaborative inference consists of three components:
local inference delay tff“’l, feature compression delay £ and data transmission delay
t'"" The latency and energy consumption of local inference are a result of performing
[1,d] layer inference, and the latency and energy consumption of feature compression are
mainly incurred during data processing and transmission in edge environments due to the
additional time delay and energy consumption caused by compression and decompression
of intermediate features and quantization operations. Based on the communication model,
both the local inference delay and the feature compression delay can be measured at the
device. The data transmission delay is:

input
plran n (2)
" R,(m)

where S;" is the size of the original input sample.
The overall delay can be computed as

tlocul7 d=0
ta(n) = ¢ M del, H-1] (3)
fran = f

where M = glocal 4§ omP 4 ytran,
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Similarly, we can derive the total energy consumption as

elocal - d =0
en(m) ={ M, de[l, H-1]. (4)
etmn7 d:H

n

where eﬁ/[ = elr:"“l +em 4 etnm", elr‘l’“" and "™ are the local inference energy and feature
compression energy, respectively, that can be collected on the device, and e/*" is the data
transmission energy:

e;mn — P" * t;ran . (5)

Problem formulation
Based on the above-established model, the UE decides the number of DNN layers to be
computed at the MEC server and locally based on the current channel situation. Our goal
is to find a strategy © that minimizes latency and energy consumption for all image
diagnosis classification tasks. Assume that the number of tasks received by UE n is Z, and
the number of tasks expected to be completed within a time horizon (Hao et al., 2022) is
Z(m). To fully utilize the communication and computation resources and reduce the
overall cost while satisfying the partitioning point, delay and energy consumption
constraints, we formulate the optimization of this system as a joint problem of model
partitioning and task offload scheduling:

max ZzZ:nl ti(70)

Zn
) St iy eni()

(P) Vii=o- + B

Z(m) Z(m)
s.t. Cl:a, f €[0,1],
C:a+ =1, (6)
C3:def{o,1,...... yH}, VneN
Cd:cpoe{l,...... ,C}, VneN

C5:0<py < Pmax, VHEN

where pyqx is the maximum transmit power of a single UE.

The problem is a mixed-integer nonlinear programming problem of the NP-hard class.
To address this challenge, we model the whole system as a Markov Decision Process
(MDP), define the corresponding state, action and reward spaces within this framework,
and use reinforcement learning (RL)-based methods to solve such problems.

MDP is a mathematical framework for modeling decision problems, which describes the
process of decision-making by an agent in a stochastic environment. The core of MDP is
its ability to systematically describe the state of the environment, the actions of the agent,
the probability of state transition, and the rewards. In this section, we define the MDP M
as:

M = (S,A,P,R,7) (7)
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where § is the state space, including all possible system states at each time step. A is the
action space, including all possible actions that can be taken by the agent in each state. P is
the state transfer function, which defines the transfer relationship between a state and an
action. P(s'[s, a) denotes the probability of transitioning to s’ after performing an action a
when the state is s. R is the reward function, which represents the reward obtained by
transitioning from one state to another reward obtained by acting to move to another state.
y € [0, 1] is the discount factor used to weigh the relative importance of immediate rewards
against potential future rewards. In the defined MDP framework, the goal of an agent is to
learn to find an optimal task offload scheduling strategy by interacting with the
environment, which is capable of selecting the most appropriate action in a series of state-
action decision processes to maximize cumulative discount rewards.

For the three core components of MDP—state space, action space, and reward function
—the detailed definitions are as follows:

(1) State space: In the tth decision time frame, the state space includes the number of
remaining tasks k, the remaining local computation time /, the remaining offloaded data
size n, and the distance h from the UE to the edge server, i.e.,

s=(k,I,nh) (8)

In collaborative inference, the state includes the current task progress and resource
usage of all user equipment, such as the tasks being processed by each UE, allocated
resources, channel selection and current transmit power.

(2) Action space: after obtaining the current state, the action at time t consists of the
offload channel ¢, the transmit power p, and the partition point d, i.e.,

a=(c,p,d) ©)

In a multi-user environment, action a allows the system to dynamically adjust the
resource allocation policy according to the current at each decision time frame, which can
effectively balance computational and transmission loads to better cope with ever-
changing task demands and network conditions.

(3) Reward function: After the agent has performed the current action, the environment
feeds back the corresponding reward value, which is related to the original optimization
problem described in problem (P). Since the expectation Z(7) in problem (P) is difficult to
obtain, the number of completed tasks Z; at time t is used as an estimate of Z(7), and a
similar definition is proved in Hao et al. (2022). In this article, we aim to minimize
inference latency and energy consumption, i.e., minimize the integrated cost of inference,
and set a negative value of the integrated cost as the reward value:

T E
rt:_Vn,i:_a'_o_ﬂ'Zt
t

Zs (10)

s.t. C1—-C5

where T is the duration of a time frame and E; is the energy consumption at time t.
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SYSTEM DESIGN

Feature compression

Medical images contain complex anatomical structures and pathological features that
require fine feature extraction and analysis. Most medical images (e.g., computer
tomography (CT) and magnetic resonance imaging (MRI)) are mainly grey-scale images
rather than color images, and intensity values in grey-scale images indicate different tissue
densities or compositions. Due to these characteristics, common image processing
methods are often not effective enough on medical image data and require the use of
specialized feature compression methods and techniques. Medical images require high-
precision reconstruction to ensure diagnostic accuracy, and multi-layer coding decoders
based on convolutional neural networks excel in feature extraction and reconstruction. For
chest CT images, feature compression and noise reduction using a multi-layer coding
decoder can help to extract clear lung, vessel, and airway structures and improve the
accuracy of lesion detection and diagnosis.

Meanwhile, existing compressors in cloud-side end environments usually require large
overheads and incur high latency. To achieve efficient intermediate feature compression,
we propose a multi-layer autoencoder-based compression method that can better capture
image features by using regularization to prevent overfitting and combining autoencoder
and quantization modules to compress intermediate features. An autoencoder is an
unsupervised learning model commonly used for tasks such as feature extraction,
dimensionality reduction, data compression and noise reduction. It consists of an
encoder, which compresses the input data into a low-dimensional latent
representation, and a decoder, which reconstructs the original input from this latent
representation. Figure 3 illustrates the collaborative inference workflow using the feature
compression approach.

The encoder gradually reduces the number of channels of the input feature map
through a series of convolutional layers that use ReLU activation functions and batch
normalization to improve the training effectiveness and stability of the network and
preserve the important image feature information. The decoder gradually restores the
number of channels of the compressed feature map to the number of channels of the
original input through a series of convolutional layers, and this structural design allows the
model to maintain high reconstruction accuracy and feature expressiveness when
processing unseen image data. The shape of the intermediate features is assumed to be
(C, W, H), where each dimension represents the number of tensor channels, width, and
height (Li et al., 2024). The encoder is placed at the rear of the edge device network and
receives intermediate features of size C x W x H. After a series of convolution and
activation operations, the resulting compressed features have a size of C' x W’ x H’,
where C' < C.

When the model is used for UE services, the input data may deviate from the
distribution of the original training data set, resulting in a degradation of the model
performance. Traditional feature compression methods tend to suffer from significant
performance degradation in the face of changes in the input data distribution. In contrast,
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the introduction of the batch normalization layer further enhances the adaptability of the
model to changes in the input data distribution, enabling the proposed lightweight
autoencoder to cope with such situations more effectively.

Feature compression for medical image data in edge environments should not only
ensure low latency and low power consumption but also tightly control its accuracy to
provide physicians with reliable diagnoses. Existing work has shown that using lower bit-
width representations of intermediate features has little impact on inference accuracy (Li
et al., 2018), so quantization techniques are used to further compress the output features of
the encoder. Quantization is an important method for deep learning model compression,
the core idea being to convert the floating-point parameters in the model to low precision
integer values to reduce the storage and computational overhead of the model, and to help
optimize the performance and resource consumption of the model on edge devices.
Dequantization is the process of converting the quantized integer values back to floating
point numbers. The quantization technique used in our experiments is uniform
quantization, which refers to the mapping of floating-point values to a uniformly
distributed range of integers. It assumes that the distribution of the original floating-point
data is uniform and uses a fixed step size to map to discrete integer values.

On the UE, the quantization procedure can be formulated as

q(x) = round <%> (11)
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max — min
where A = a1 is the quantization step size, which is used to indicate the size of the
quantization interval. x is the intermediate feature to be quantized. max, min are the
maximum and minimum values of the intermediate features to be quantized, which can be
replaced by the result computed on a pre-collected set of feature maps. gbit is the bit width
used for quantization and g(x) is the output integer of x. On the edge server, the quantized

value can be recovered approximately by the dequantization procedure:
x' = q(x) * A + min (12)

where x’ is the recovery value. As rounding operations in quantization introduce rounding
errors, x' is not usually exactly equivalent to x.
The overall compression rate of our proposed compression technique, which includes
coding, decoding and quantization, is given by:
R=_Sxb (13)
C' x gbit
where b is the original intermediate feature before quantization, represented by a 32-bit
floating point number. b/gbit indicates the compression rate of the quantization process.
For the pre-trained model trained in this stage and the selected segmentation points, the
autoencoder is first considered to be trained by the distance between the original features
and the recovered features, and the cross-entropy loss between the predicted outputs and
the real labels is also introduced to minimize the prediction error and improve the
prediction accuracy. The loss function for training the autoencoder is formulated as:

Loss = ||F} — F}||, + nLee(f(x),) (14)

where f is the pre-training model, x is the training sample, F}, F; denote the original and
recovered features of the autoencoder, respectively, L, is the cross-entropy metric, y is the
true label corresponding to the sample x, and # is the hyperparameter that compensates for
the losses of the above two components.

DNN segmentation scheduling strategy

The proposed MOCI strategy, based on multi-agent proximal policy optimization
(MAPPO), solves the collaborative inference scheduling problem in the medical image
classification task for edge scenes, and the overall workflow is shown in Fig. 4. The multi-
intelligentsia collaborative inference problem contains a mixture of action spaces, such as
discrete off-load channels and continuous transmit power. The overall optimization
objective is to maximize the total inference reward for all DNN tasks:

T(r)
max Z T (15)
=1

where T(7) is the total time to complete all tasks.
In traditional reinforcement learning, an agent obtains rewards by interacting with its
environment and maximizes the cumulative rewards by optimizing its policy. PPO is a
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policy-based reinforcement learning algorithm, a variant of the Actor-Critic framework
(Gu et al., 2021). It can deal with both discrete and continuous action spaces and aims to
maximize its long-term rewards by updating the policy so that the agent chooses the
optimal action in a given state.

MAPPO is an extension of the PPO algorithm in a MARL environment. Similar to
single-agent PPO, MAPPO also uses the Actor-Critic framework. The input of the actor
network is the state, and the output is the action probability (for discrete action space) or
the action probability distribution function (for continuous action space). The input of the
critic network is the state, and the output is the value of the state. However, it is adapted to
the problem of synergy and competition among multiple agents, each of which has its own
strategy and updates and optimizes its behavioral strategy by interacting with other agents.
To achieve collaboration between agent, we use a critic network, which contains global
information, and an actor network, which contains local information.

In a MARL environment where collaborative inference is performed, the main task of
the actor network is to output a policy 7y (a;s;), i.e., to predict the distribution of actions a,
given a state s;. Each branch of the actor network generates different types of actions,
respectively. For discrete actions, each branch of the actor network outputs the
probabilities of the different possible actions, p;(s;), through a softmax function. The
softmax function ensures that these probabilities sum to 1, thus forming a valid probability
distribution. The choice of discrete actions follows a categorical distribution.
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A
n‘;n (aﬁn\st> = Hpi(sf)l{aﬁﬁi}’ VneN (16)
i=1

where n‘gﬂ denotes the distribution of strategies in the discrete action part, A is the number
of possible actions and the indicator function I takes the value 1 if a/, = i and 0 otherwise.
Actor networks are capable of generating reasonable action distributions in the current
state, leading to effective decision-making and cooperation in complex multi-agent
environments.

For continuous actions, the corresponding branch of the actor network outputs the
mean /(s;) and standard deviation ¢(s;) of the action, which are calculated based on the
current state s;. The successive actions are assumed to follow a normal distribution, i.e.,

ury (a;n\st) ~ N(u(st),d*(st)), ¥n € N (17)

where 7, denotes the policy distribution of the continuous action component. The actor
network can generate a distribution of continuous actions in a given state and determine
specific action values by sampling from a normal distribution.

In this article, the scenario contains multiple UEs and uses multiple actor networks to
provide inference decisions for the UEs, i.e., each UE has an independent actor network,
and these networks process the input state information by sharing some pre-layers and
generating different decisions respectively, with the number of actor networks equal to the
number of UEs. To cope with the challenges of the hybrid action space, each actor network
has three output branches, which are responsible for deciding the task partition point, the
data offload channel, and the transmission power, respectively. The processing results of
the state information are shared by the pre-layers, enabling the system to use this
information more efficiently to effectively deal with the hybrid action space and enhance
the decision-making and collaboration capabilities of the multi-agent system. Each UE can
make decisions independently while sharing state information to improve overall
performance. The algorithmic pseudo-code for the MOCI strategy is shown in Fig. 5.

The original strategy gradient algorithm is very sensitive to step size, but it is difficult to
choose an appropriate step size, which is detrimental if the difference between the old and
new strategy changes during training is too large. PPO proposes a new objective function
that can be updated in small batches over multiple training steps, which solves the problem
of difficult determination in the strategy gradient algorithm. Although a clipping function
based on the probability ratio of the old and new strategies is used in the PPO algorithm to
constrain the difference between the old and new strategies, recent studies have shown that
this does not strictly constrain the difference between the old and new strategies (Cheng,
Huang & Wang, 2021). Therefore, the MOCI strategy adds Wasserstein distance to the
original strategy to further constrain it. Meanwhile, to effectively deal with the dynamic
network conditions and task complexity, the LSTM structure is combined with the critic
network. LSTM is a special type of recurrent neural network (RNN) designed to solve the
gradient vanishing and gradient explosion problems of traditional RNNs when dealing
with long time series data. LSTM can store long-term dependencies in sequences by

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 16/30


http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

PeerJ Computer Science

Algorithm 1 MOCI algorithm
1: Initialize replay memory [, system environment and initial state sg
2: Randomly initialize parameters of the actors and the eritic as #,, and &,
neN
3: New state s, + 5

4: for timestep { :=1 to T,,,. do

5. while D) is not filled do

i Choose action a; from current strategy mg(a:|s;)

T: Execute a, and receive feedback from the environment: reward ry, the
next state s, and related information

8 Store tuple (s, a,, 7y, 8,4 ) into D

9: Compute delay, energy consumption via (2)-(5)

10: if ;.1 is not the terminal state then

11: Bp 4 84

12: t—t+1

13: else

14: Reinitialize the current state s, to s;4,

15: end if

16: end while

17:  Compute cumulative rewards for status values via (15)

18:  Obtain the generalized advantage estimation via (18)

190 1ae +The number of complete batches in the current buffer
20:  for iterations i :== 1 to [, do

21: Randomly sample a minibatch B from D
22: Apply LSTM to enhance critic network
23: Compute L.(¢) with B via (19)

24: Compute and LS*P(0) with B via (20)
25: Update critic: ¢ + ¢ — aV L. (o)

26: for n:=1to N do

27 Compute LWASS (@) via (23)

25: Compute L, (#) via (24)

2q: Update actor: #, + 8, — aVy L. (8)
30: end for

31:  end for
32:  Clear memories in D
33 end for

Figure 5 The algorithmic pseudo-code for the MOCI strategy.
Full-size K&l DOT: 10.7717/peerj-cs.2708/fig-5

introducing a structure called a “gating mechanism” and effectively avoids the problems of
traditional RNNs in learning long sequences. In MOCI, where the task load changes
dynamically, the LSTM is able to maintain long-term memory through its memory cells,
remembering historical inputs and transferring this information to future time steps. We
exploit the processing power of LSTM on sequence data to improve the accuracy and
stability of the critic network in evaluating the state-action pairs.
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When training, we first need to calculate the dominance score for each experience based
on the data from the experience pool; this score reflects the degree of superiority or
inferiority of each action in the same state. The state score is the average of the action
scores, while the dominance score is the difference between the action score and the state
score. A higher dominance value indicates a higher return that the action can bring, and in
the proposed framework the dominance value is calculated using the generalized
advantage estimation (GAE) algorithm (Schulman et al., 2015):

) T(n) , T(T[) ,
AGAECD 3 () <rt +9V(sir) = D7 frtf) (18)

t'=t t'=t

where 1 € [0, 1] is a hyperparameter controlling the degree of smoothing of the dominance
estimate. ¢ is the current time, V is the state value function, ;.1 is the state at time ¢ + 1,
and ry is the reward at time t'.

)
Simplify >~ 7" ~'ry to VI(s;), which denotes the true cumulative reward of state s; in
t'=t

each time frame. Then, for the critic network, we can formulate the loss function as:

L) = ||vis) - V(s

»2

where ¢ is a model parameter and s, is the state at time .
For the actor network, training is performed using a loss clipping strategy, where the
clipped loss can be formulated as:

LEP() = E, [min(rt<e)AfAEW>, clip(r(0),1 — €1+ e)A?AE<"v’~>)} (20)

where 0 is a model parameter, E; is the expectation of the objective function at time ¢, € is a
trimming factor to control the magnitude of the strategy update, my,, is the strategy
function before the update, and 7y is the strategy function after the update. r,(6) is the ratio
of the old and new strategies, denoted as

7o (alst)
70,4 (at|st)

r(0) = (21)
where a, is the action performed at time ¢.

Furthermore, the clip function restricts ¢(60) to [1 — €, 1 + €] to avoid too large policy
updates, which is computed as

' 1—e¢ 0)<1-—
clip(ri(0),1 - €1+ ¢€) = { 1+ Z ZE@§ ; e 22

The algorithm constrains the magnitude of the strategy update by the old-to-new
strategy ratio r;(6). Although the clipping strategy based on the old-to-new strategy
probability ratio can constrain the strategy update within a local range (i.e., within the
range [1 — €, 1 + €]), the constraining effect of the clipping strategy is weakened once it
goes beyond this range. Since the clipping strategy mainly focuses on the change in the
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probability ratio rather than the change in the overall strategy distribution, even if the
clipping strategy works, the difference between the overall distributions of the old and new
strategies may still be large. Therefore, we introduce the Wasserstein distance to constrain
the old and new strategies more tightly. The Wasserstein distance is a measure of the
difference between two probability distributions, the minimum ‘transport cost’ required to
convert one probability distribution into another that more accurately reflects the
difference between the two distributions. The loss function for the Wasserstein distance is
given by

LWASS(O) = W(TC@, Tceold) = ianeH(ahst)E(nﬂanOld)NXH |TE(')7 Tc(')old | H (23)

where denotes all joint distributions y(mg, 7y, ), E denotes the expected value with respect
to the joint distribution y, and ||my — 7y, || denotes the Wasserstein distance.
Therefore, the objective function of the actor network is calculated as:

N

L(0) = > [LP(0) + LLYA5(0) + EE[H (g, (arls:))]] (24)
n=1

where { and ¢ are equilibrium hyperparameters and H (7, (a¢|s;)) is the entropy reward

value, which is used to encourage the agent to explore more action space and make the

strategy more diversified.

EXPERIMENTS

This section demonstrates the compression performance of the proposed compressor, the
convergence performance of the MOCI strategy, and the parameter selection for the
experiments, and investigates how it effectively reduces the multi-agent collaborative
inference overhead of the ResNet18 model. Finally, the proposed MOCI strategy
framework is evaluated on two other popular DNN models: VGG11 and MobileNetV2.

Simulation setup

 Device configuration: The device used for the inference process is an Intel(R) Core(TM)
i5-7500 CPU @3.40 GHz and an NVIDIA T4 GPU. We use PyCharm as the
development tool for the Python IDE. To measure the power consumption, the power
consumption is calculated by taking the CPU usage and time in each time interval.
Assuming that the power consumption of the system at 100% CPU usage is pmax, the
power consumption at cpu_percent% usage is p = pmax * (cpu_percent/100).

o Dataset: The dataset used for the experiment is Chest CT-Scan images Dataset (https://
tianchi.aliyun.com/dataset/93929), which contains a normal category and three types of
chest cancer: adenocarcinoma, large cell carcinoma, and squamous cell carcinoma. The
number of samples in each class varies from 100 to 350. 80% of each class was randomly
selected as the training set and the remaining samples were used as the test set.

» Experimental models: Three DNN models are used for experiments in this section: the
ResNet18 (He et al., 2016), VGGI1 (Simonyan & Zisserman, 2014) and MobileNetV2
(Sandler et al., 2018). These three models are widely used in the field of deep learning and
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have been verified for their performance and reliability by a large number of benchmark
tests. ResNet18, known for its residuals, is suitable for scenarios where accuracy is
required but computational resources allow; VGG11 is suitable for scenarios where
strong feature representation is required; and MobileNetV2 is suitable for resource-
constrained edge devices due to its light weight and high efficiency. By using these three
models with different characteristics, different application scenarios and device
requirements can be covered, and it is possible to comprehensively evaluate the
applicability and generalization of the proposed methods in different network
architectures.

 Parameter setting: In the experiment, five UEs and two communication channels are set
up for data transmission. The distance between each UE and the edge server follows the
normal distribution h ~ U(1,100), and each UE receives a certain number of tasks k at
the beginning, and k follows the Poisson distribution Pois(4) with parameter 200. When
the tasks of all UEs are completed, the current round ends and the parameters h and k
are reinitialized at the beginning of a new round, simulating the randomness and
uncertainty in the real network environment. The collaborative inference system we have
designed is assumed to be located in an urban cellular radio environment (Rappaport,
2024), and the channel gain g, is denoted as d~, where the path loss exponent / is set to 3.
For the parameters in the experiments, the best-performing parameters were selected
from several candidates through a series of test experiments, while also following the
common configurations used in PPO implementations, as shown in Table 2, and some of
the parameter test experiments are listed in the section ‘Parametric analysis’. For each
actor network consisting of fully connected layers, the first two layers are shared layers,
containing 256 and 128 neurons respectively. Each output branch also has two layers, the
first containing 64 neurons, and the structure of the last layer depends on the type and
dimension of the corresponding action. The shared-critical network consists of an LSTM
whose outputs are mapped to state values by a linear layer.

 Performance benchmarks: To evaluate and validate the performance of the proposed
MOCI strategy, this section compares it with the following five algorithms:

1) Local offloading (LO): the entire DNN model is executed on the user’s device without
segmentation and offloading.

2) Edge offloading (EO): the DNN model is not segmented, everything is offloaded to the
edge server for inference, and the edge server returns the inference results to the end
device.

3) Random offloading scheduling (RO): a random selection of DNN model segmentation
points and a random decision to execute them on terminals or edge servers.

4) Dueling DQN: Joint optimization of DNNs for segmentation and offload scheduling
using the Dueling DQN algorithm. Dueling DQN is a DQN-based reinforcement
learning method that improves learning efficiency and policy stability by decomposing
the Q-value function into state and dominance values.
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Table 2 The value for simulation parameters.

Parameters Value
Bandwidth per channel b, 1 MHz
Background noise power K, 107° W
Discount factor y 0.95
Duration of each period T 05s
Actor learning rate Ir_a 0.0001
Critic learning rate Ir_c 0.0001
Memory buffer size 1,024
Batch size 256
Reuse time 20

A 0.95

€ 0.2

¢ 0.1

¢ 0.001

5) MAPPO: Joint optimization of DNNs for segmentation and offload scheduling using
the MAPPO algorithm. MAPPO is a MARL algorithm that is an extension of the single-
agent PPO algorithm that allows multiple agents to share information during the policy
update process for more efficient collaborative learning.

Feature compression performance

The experiments used the ResNet18 network as the base model and selected four
segmentation points; specifically, a ResNet18 model divides a sample processing into four
stages (input processing stage, convolutional feature extraction stage, pooling stage, and
fully connected layer stage). The second output layer (batch normalization layer) of each
stage is used as the dividing point, resulting in a total of four selected points (Hao et al.,
2022).

Using point 1 of ResNet18 as an example, we select the optimal compression rate by
comparing the accuracy of models trained with different compression rates to the accuracy
of the model trained in the local environment. In order to evaluate the impact of different
compression rates on the model performance, three compression rates of 48%, 64% and
96% were chosen to measure the accuracy of the model based on a combination of previous
research and experimental exploration, representing low, medium and high compression,
respectively. Figure 6A illustrates the accuracy achieved by the classification model at
different compression rates, and a comparison with the accuracy of the local model. A
similar experiment to determine the accuracy rates that can be achieved after compression
at each point for the other models results in Fig. 6B. Figure 6B illustrates the maximum
compression rate that can be achieved by choosing the closest local model accuracy and
within a 2% loss in accuracy, as a 2% loss in accuracy is negligible for most real-world
applications when compared to the reduced latency and energy consumption. A
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comparison with some other state-of-the-art compression methods is also shown in
Fig. 6B, which shows that all three models outperform the other methods at all points.

Table S1 shows the results of ResNet18, VGG11 and MobileNetV2 on the average
compression rate after coded quantization, ResNet18 has relatively low compression effect
due to the deeper network and residual links, coded quantization can reduce the number of
parameters, but the complex structure limits the compression rate; VGG11 has a simple
structure, many redundant parameters, coded quantization is easy to VGG11 has a simple
structure with many redundant parameters, it is easy to remove the redundant layers and
weights when coding and quantizing, and the fully connected layer and convolutional layer
are easy to compress and do not easily affect the accuracy; MobileNetV?2 is highly
optimized, and the deep separable convolution reduces the computation and the number
of parameters, and the space for compression is limited.

According to the quantitative analysis in our experiments, the use of the proposed
compression quantization method for each model in the edge scenario can achieve a high
compression rate with guaranteed accuracy, reduce transmission delay and energy
consumption, and thus maximize the cumulative rewards of subsequent offloading
scheduling.

MOCI strategy evaluation

After obtaining the local inference and intermediate feature compression overheads,
overall scheduling of the inference model is required to ensure the stability of the
interactions between agent and to maximize the cumulative rewards, thus minimizing the
overall system latency and energy consumption. The proposed MOCI strategy aims to
solve the delay and energy consumption problems of the system (P). First, its convergence
as well as delay and energy consumption are evaluated, then the effects of different
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parameter settings on the system performance are compared. Finally, generalization
experiments are performed on other popular network models.

Conver gence assessment

This section analyses the convergence of the MOCI strategy with two other reinforcement
learning algorithms (Dueling DQN and MAPPO). Figure 7 shows that all three methods
converge, with the MOCI strategy performing best. As the number of iterations increases,
the reward values show a faster convergence trend, with the reward of the MOCI strategy
growing rapidly during the iteration phase of about the first 30K rounds, followed by a
gradual and steady increase with small oscillations. At about the 200Kth iteration, the
reward of the MOCI strategy converges to about 0.8. In comparison to the other two
algorithms, both the convergence speed and the stability of the training are optimal, which
greatly saves the time cost of decision-making and can achieve a lower total energy
consumption, indicating that the interoperability between multi-terminal devices and
feature compression play a role in the overall planning of the system. The MOCI strategy
constrains the old and new strategies through intermediate feature compression as well as
LSTM and Wasserstein distance, which significantly improves training performance and
convergence stability, and enhances the exploratory capability and global optimization
effect during the training process.

Optimized latency and power assessment

Table S2 shows through the differences in action selection of strategies and cumulative
rewards, that the Wasserstein distance significantly reduces the variability between old and
new strategies, avoiding over-exploration and instability due to drastic changes in
strategies. The data show that with the introduction of the Wasserstein distance constraint,
the variability between strategies is smoother and more consistent across multiple trials,
allowing higher cumulative rewards to be achieved with fewer training steps.

Table S3 shows the average delay, average energy consumption and reward for the three
cases without LSTM, with LSTM and LSTM combined with Wasserstein distance. The
data show that when the LSTM structure is introduced, the delay and energy consumption
are significantly reduced and the reward value is increased, while the experimental results
are further optimized by adding the Wasserstein distance constraints.

The results of evaluating the delay (Fig. 8A) and energy consumption (Fig. 8B) of each
strategy as the number of UEs increases are shown in Fig. 8. The experimental results show
that as the number of UEs increases, the average inference delay and energy consumption
of each strategy, except for LO inference, increase as the available channel resources are
fixed. LO does not offload tasks to edge servers and does not rely on wireless
communication resources, so the average inference overhead remains constant as the
number of UEs varies. The task complexity as well as scheduling difficulty increases with
the increase of UE, which leads to the rise of data transmission time and computation/
transmission energy consumption, and consequently, the average delay and average energy
consumption of EO, RO, Dueling DQN, MAPPO algorithms as well as the MOCI strategy
show an increasing trend. The stochastic nature of RO scheduling lacks the ability to adapt
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to changes in the environment, and the Dueling DQN and MAPPO algorithms have a
certain computational burden when dealing with complex scheduling in high-dimensional
state spaces and hybrid action spaces, resulting in inefficient inference. The MOCI strategy
shows more significant advantages over these algorithms, while maintaining a consistently
low inference overhead. MOCI achieves lower average latency and has lower average
energy consumption regardless of the number of users. Even with a small number of users
(e.g., N = 3), MOCI maintains optimal performance.

Parametric analysis

e o — f5: Figure S1 illustrates the performance of the system’s average delay and energy
consumption as the parameter «, which is the parameter that limits the delay in the
optimization objective. The changes in delay and energy consumption show a negative
correlation, as o continues to increase, the system’s delay requirement increases and the
energy consumption requirement gradually decreases, which is more suitable for some
delay-sensitive applications such as medical diagnosis, emergency rescue and other
areas. If o = 1, this means that the optimization objective of the system at this time is to
minimize the total delay of the system, without considering the impact of energy
consumption. Since « 4+ f§ = 1, as « decreases, the parameter f§ that limits energy
consumption gradually increases, indicating that the system is strengthening the
limitation of energy consumption in the hope of reducing the energy consumption of the
system as much as possible, which is more appropriate for some computationally
intensive programs, such as Al inference and big data analysis. f = 1 indicates that the
optimization objective of the system at this point is to minimize the total energy
consumption of the system band, without considering the impact caused by latency. In
contrast, for MEC applications that require both fast response and energy savings (e.g.,
intelligent video surveillance), a balance between o and 3 needs to be realized. Therefore,
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a demand-specific balance between delay and energy consumption for different types of
MEC applications can be achieved by adjusting the values of « and f3 to reduce the overall
cost and satisfy different overhead constraints.

 Learning rate: Figure S2A illustrates the effect of the learning rate on the convergence
performance of the MOCI strategy. It can be seen that training agent with smaller
learning rates converges more slowly, while larger learning rates lead to unstable
cumulative rewards and prevent agent from exploring optimal strategies. In order to
achieve a reasonable balance between stability and convergence speed, 0.0001 was
experimentally chosen as the learning rate for the actor and critic networks.

* Reuse time: Figure S2B illustrates the effect of sample reuse time on the convergence
performance of the MOCI strategy. The sample reuse time is the number of times the
sample is used to train the agent. As can be seen in the figure, small sample reuse time
settings lead to slow and poor convergence. As the reuse time increases, the convergence
becomes faster and the strategy becomes better, but too large a sample reuse time setting
instead leads to poor convergence. To strike a balance between model accuracy and
training complexity, the sample reuse time is set to 20 in this experiment.

Generalization comparison

To further validate the effectiveness of the MOCI strategy, we conduct experiments on two
other popular network architectures, namely VGG11 and MobileNetV2. Their
performance overheads are evaluated for a number of UEs of five.

For VGGL1, four partition points were selected after the MaxPool layer. For
MobileNetV2, four partition points were selected after the last batch normalization layer
containing the residual block of the sampling layer, and the other settings were the same as
the previous experimental settings. Figure S3 illustrates the performance comparison of the
six methods for different DNN types, which verifies the scalability of the MOCI strategy for
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different DNN types. Figure S3A illustrates the average inference latency under different
DNN types, and it can be seen that as the complexity of DNN models increases, the
processing latency of all strategies increases accordingly. However, the inference latency of
the MOCI strategy is significantly lower than the other compared strategies under all DNN
types, which shows its efficiency in processing complex DNN models and can better adapt
to DNN models of different complexity. Figure S3B illustrates the average inference energy
consumption under different DNN types, and the analysis shows that the energy
consumption of all the methods increases as the complexity of the DNN model increases.
However, the energy consumption of the MOCI strategy is lower than the other compared
methods under all DNN types, indicating its excellent performance in energy optimization.
In particular, it is still able to maintain a low level of energy consumption when dealing
with complex DNN models, which is of great significance for energy consumption
optimization in practical applications.

Figure S4 shows the convergence of the three strategies under the MobileNetV2
(Fig. S4A) and VGG11 (Fig. S4B) network models, from which it can be seen that the
MOCI strategy converges faster than the other two algorithms and tends to be stable all the
time, regardless of the network. Especially for complex network models, the MOCI
strategy performs better.

We also study how different main hyperparameter settings affect the convergence
performance in both DNN architectures. Comparing different learning rate and sample
reuse time settings, the results are shown in Fig. S5. Figures S5A and S5B illustrate the
convergence of MobileNetV2 with different learning rates and different sample reuse
times, and Figs. S5C and S5D show the convergence of VGG11 with different learning
rates and different sample reuse times, respectively. The results show that its parameter
selection can achieve optimal results if it is consistent with the ResNet18 network. For the
MobileNetV2 network, the influence of the parameters is not significant due to its
lightweight characteristics, relatively low number of parameters and computational
requirements, and it still maintains good performance with wider parameter settings. For
the VGG11 network, its deep architecture and number of high parameters are very
sensitive to the parameter settings in training, so the impact of parameter tuning on its
training and performance is much more significant and requires finer tuning and control.
The data show that the results of either network demonstrate the effectiveness of the
MOCI strategy.

CONCLUSION

In this article, we propose MOCI, a collaborative inference strategy for medical image
diagnosis classification tasks, to address the performance and energy bottlenecks of image
analysis in mobile and edge computing environments. In existing research, although some
approaches try to optimize the inference efficiency of medical image analysis, they often do
not fully consider the unique challenges of medical imaging tasks, such as the high-
dimensional nature of data, the complexity of feature extraction, and the stringent
requirements for real-time performance and accuracy. Therefore, we design a collaborative
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inference strategy that can effectively balance computational resources, data transfer and
energy efficiency from the characteristics of medical imaging.

Specifically, we first compress the intermediate features through coding and
quantization techniques, which preserve the important information of medical images
while significantly reducing the amount of intermediate data transmitted. Experimental
results show that inference delay and energy consumption are significantly reduced with
less than a 2% loss in classification accuracy. In addition, for the task offload scheduling
problem in a multi-user environment, we further employ a MARL approach that
introduces the Wasserstein distance and the LSTM network. The introduction of
Wasserstein distance helps to optimize the transition between old and new strategies,
improving the stability of training and avoiding the common problem of strategy
oscillation in reinforcement learning. LSTM networks, on the other hand, solve the
problem of temporal dependency in task scheduling, allowing offloading decisions in the
middle of multiple tasks to take full account of historical information and environmental
changes, effectively reducing computational and communication overheads. By combining
these two parts, the MOCI strategy not only shows significant advantages on different
DNN architectures, but also flexibly adapts the inference process according to different
user requirements and computational resources, finding a balance between classification
accuracy, latency and energy consumption.

It is worth noting that this article is a strategy study under single-edge servers, but how
to further optimize resource scheduling, task offloading, and data transfer when facing
more complex medical imaging tasks and extreme network environments will be the focus
of future research. Future work will focus on DNN partitioning and task offload scheduling
in multi-server scenarios, exploring other optimization techniques to further enhance
MEC system performance. In addition, given the importance of patient privacy issues
during task offloading, the research will delve deeper into privacy protection related to
DNN partitioning and task offload scheduling.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

This article is supported by the Collaborative Innovation Major Project of Zhengzhou
under Grant No. 20XTZX05015. The funders had no role in study design, data collection
and analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Collaborative Innovation Major Project of Zhengzhou: 20XTZX05015.

Competing Interests
The authors declare that they have no competing interests.

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 27/30


http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

PeerJ Computer Science

Author Contributions

e Shigian Zhang conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

» Yong Cui conceived and designed the experiments, performed the computation work,
authored or reviewed drafts of the article, and approved the final draft.

e Dandan Xu analyzed the data, prepared figures and/or tables, and approved the final
draft.

* Yusong Lin performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The data is available at Zenodo: zsq-github. (2024). zsq-github/MOCI: MOCI (v1.0.0).
Zenodo. https://doi.org/10.5281/zenodo.13738800.

The Chest CT-Scan images Dataset is available at Tianchi and Zenodo:

- https://tianchi.aliyun.com/dataset/93929.

- SunneYi. (2025). Chest CT-Scan images Dataset [Data set]. Zenodo. https://doi.org/
10.5281/zenodo.14759927.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2708#supplemental-information.

REFERENCES

Chen Z, Wang X. 2020. Decentralized computation offloading for multi-user mobile edge
computing: a deep reinforcement learning approach. EURASIP Journal on Wireless
Communications and Networking 2020(1):188 DOI 10.1186/s13638-020-01801-6.

Cheng Y, Huang L, Wang X. 2021. Authentic boundary proximal policy optimization. IEEE
Transactions on Cybernetics 52(9):9428-9438 DOI 10.1109/TCYB.2021.3051456.

Ding Y, Fang W, Liu M, Wang M, Cheng Y, Xiong N. 2023. J]MDC: a joint model and data
compression system for deep neural networks collaborative computing in edge-cloud networks.
Journal of Parallel and Distributed Computing 173:83-93 DOI 10.1016/j.jpdc.2022.11.008.

Gan J, Ren Y, He T, Li R, Wen L. 2021. Application of image segmentation based on deep learning
in mobile terminal equipment. In: 2021 7th Annual International Conference on Network and
Information Systems for Computers (ICNISC). Guiyang, China, 903-908.

Garifulla M, Shin J, Kim C, Kim W, Kim H, Kim J, Hong S. 2021. A case study of quantizing
convolutional neural networks for fast disease diagnosis on portable medical devices. Sensors
22(1):1 DOI 10.3390/s220102109.

Gu Y, Cheng Y, Chen C, Wang X. 2021. Proximal policy optimization with policy feedback. IEEE
Transactions on Systems, Man, and Cybernetics: Systems 52(7):4600-4610
DOI 10.1109/TSMC.2021.3098451.

Hao Z, Xu G, Luo Y, Hu H, An ], Mao S. 2022. Multi-agent collaborative inference via DNN
decoupling: intermediate feature compression and edge learning. IEEE Transactions on Mobile
Computing 22(10):6041-6055 DOI 10.1109/TMC.2022.3183098.

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 28/30


https://doi.org/10.5281/zenodo.13738800
https://tianchi.aliyun.com/dataset/93929
https://doi.org/10.5281/zenodo.14759927
https://doi.org/10.5281/zenodo.14759927
http://dx.doi.org/10.7717/peerj-cs.2708#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2708#supplemental-information
http://dx.doi.org/10.1186/s13638-020-01801-6
http://dx.doi.org/10.1109/TCYB.2021.3051456
http://dx.doi.org/10.1016/j.jpdc.2022.11.008
http://dx.doi.org/10.3390/s22010219
http://dx.doi.org/10.1109/TSMC.2021.3098451
http://dx.doi.org/10.1109/TMC.2022.3183098
http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

PeerJ Computer Science

He X, Qi G, Zhu Z, Li Y, Cong B, Bai L. 2023. Medical image segmentation method based on
multi-feature interaction and fusion over cloud computing. Simulation Modelling Practice and
Theory 126(4):102769 DOI 10.1016/j.simpat.2023.102769.

He K, Zhang X, Ren S, Sun J. 2016. Deep residual learning for image recognition. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 770-778.

Jedari B, Premsankar G, Illahi G, Di Francesco M, Mehrabi A, Yla-Jaaski A. 2021. Video
caching, analytics, and delivery at the wireless edge: a survey and future directions. IEEE
Communications Surveys & Tutorials 23(1):431-471 DOI 10.1109/COMST.2020.3035427.

Kang Y, Hauswald J, Gao C, Rovinski A, Mudge T, Mars ], Tang L. 2017. Neurosurgeon:
collaborative intelligence between the cloud and mobile edge. ACM SIGARCH Computer
Architecture News 45(1):615-629 DOI 10.1145/3093337.3037698.

Kumar P, Lokesh S, Varatharajan R, Babu G, Parthasarathy P. 2018. Cloud and IoT based
disease prediction and diagnosis system for healthcare using Fuzzy neural classifier. Future
Generation Computer Systems 86(3):527-534 DOI 10.1016/j.future.2018.04.036.

Li H, Hu C, Jiang J, Zhi W, Wen Y, Zhu W. 2018. JALAD: joint accuracy-and latency-aware deep
structure decoupling for edge-cloud execution. In: 2018 IEEE 24th International Conference on
Parallel and Distributed Systems (ICPADS). Piscataway: IEEE, 671-678.

Li N, Iosifidis A, Zhang Q. 2022. Collaborative edge computing for distributed CNN inference
acceleration using receptive field-based segmentation. Computer Networks 214(16):109150
DOI 10.1016/j.comnet.2022.109150.

Li S, Ma C, Zhang Y, Li L, Wang C, Cui X, Liu J. 2024. Attention-based variable-size feature
compression module for edge inference. The Journal of Supercomputing 80(6):8469-8484
DOI 10.1007/s11227-023-05779-y.

Lin R, Guo X, Luo S, Xiao Y, Moran B, Zukerman M. 2023. Application-aware computation
offloading in edge computing networks. Future Generation Computer Systems 146(4):86-97
DOI 10.1016/j.future.2023.04.009.

Liu Q, Tian Z, Wang N, Lin Y. 2024. DRL-based dependent task offloading with delay-energy
tradeoff in medical image edge computing. Complex & Intelligent Systems 10(3):1-22
DOI 10.1007/s40747-023-01322-x.

Liu Q, Tian Z, Zhao G, Cui Y, Lin Y. 2023. Multi-user multi-objective computation offloading for
medical image diagnosis. Peer] Computer Science 9(5):¢1239 DOI 10.7717/peerj-cs.1239.

Mao J, Chen X, Nixon K, Krieger C, Chen Y. 2017. MoDNN: local distributed mobile computing
system for deep neural network. In: Design, Automation & Test in Europe Conference &
Exhibition (DATE). New York: ACM, 1396-1401.

Rappaport T. 2024. Wireless communications: principles and practice. Cambridge: Cambridge
University Press.

Sandler M, Howard A, Zhu M, Zhmoginov A, Chen L. 2018. MobileNetV2: inverted residuals
and linear bottlenecks. In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 4510-4520.

Schulman J, Moritz P, Levine S, Jordan M, Abbeel P. 2015. High-dimensional continuous control
using generalized advantage estimation. ArXiv preprint DOI 10.48550/arXiv.1506.02438.

Shao J, Zhang J. 2020. BottleNet++: an end-to-end approach for feature compression in device-
edge co-inference systems. In: 2020 IEEE International Conference on Communications
Workshops (ICC Workshops). Piscataway: IEEE, 1-6.

Shi W, Cao J, Zhang Q, Li Y, Xu L. 2016. Edge computing: vision and challenges. IEEE Internet of
Things Journal 3(5):637-646 DOI 10.1109/JI0T.2016.2579198.

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 29/30


http://dx.doi.org/10.1016/j.simpat.2023.102769
http://dx.doi.org/10.1109/COMST.2020.3035427
http://dx.doi.org/10.1145/3093337.3037698
http://dx.doi.org/10.1016/j.future.2018.04.036
http://dx.doi.org/10.1016/j.comnet.2022.109150
http://dx.doi.org/10.1007/s11227-023-05779-y
http://dx.doi.org/10.1016/j.future.2023.04.009
http://dx.doi.org/10.1007/s40747-023-01322-x
http://dx.doi.org/10.7717/peerj-cs.1239
http://dx.doi.org/10.48550/arXiv.1506.02438
http://dx.doi.org/10.1109/JIOT.2016.2579198
http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

PeerJ Computer Science

Shi Y, Duan C, Chen S. 2021. Contrastive learning based intelligent skin lesion diagnosis in edge
computing networks. In: 2021 IEEE Global Communications Conference (GLOBECOM).
Piscataway: IEEE.

Simonyan K, Zisserman A. 2014. Very deep convolutional networks for large-scale image
recognition. ArXiv preprint DOI 10.48550/arXiv.1409.1556.

Su Y, Fan W, Gao L, Qiao L, Liu Y, Wu F. 2022. Joint DNN partition and resource allocation
optimization for energy-constrained hierarchical edge-cloud systems. IEEE Transactions on
Vehicular Technology 72(3):3930-3944 DOI 10.1109/TVT.2022.3219058.

Vaze S, Xie W, Namburete A. 2020. Low-memory CNNs enabling real-time ultrasound
segmentation towards mobile deployment. IEEE Journal of Biomedical and Health Informatics
24(4):1059-1069 DOI 10.1109/JBHI.2019.2961264.

Wang X, Li X, Wang N, Qin X. 2022. Fine-grained cloud edge collaborative dynamic task
scheduling based on DNN layer-partitioning. In: 2022 18th International Conference on
Mobility, Sensing and Networking (MSN). Piscataway: IEEE, 155-162.

Xiao Y, Wan K, Xiao L, Yang H. 2022b. Energy-efficient collaborative inference in MEC: a multi-
agent reinforcement learning based approach. In: 2022 8th International Conference on Big Data
Computing and Communications (BigCom). Piscataway: IEEE, 407-412.

Xiao Y, Xiao L, Wan K, Yang H, Zhang Y, Wu Y, Zhang Y. 2022a. Reinforcement learning based
energy-efficient collaborative inference for mobile edge computing. IEEE Transactions on
Communications 71(2):864-876 DOI 10.1109/TCOMM.2022.3229033.

Xu W, Chen B, Shi H, Tian H, Xu X. 2023. Real-time COVID-19 detection over chest x-ray
images in edge computing. Computational Intelligence 39(1):36-57 DOI 10.1111/coin.12528.
Yuan S, Zhang Z, Li Q, Li W, Zhang Y. 2023. Joint optimization of DNN partition and continuous
task scheduling for digital twin-aided MEC network with deep reinforcement learning. IEEE

Access 11(3):27099-27110 DOI 10.1109/ACCESS.2023.3257342.

Zhang J, Ma S, Yan Z, Huang J. 2023. Joint DNN partitioning and task offloading in mobile edge
computing via deep reinforcement learning. Journal of Cloud Computing 12(1):116
DOI 10.1186/s13677-023-00493-9.

Zhao Z, Barijough K, Gerstlauer A. 2018. DeepThings: distributed adaptive deep learning
inference on resource-constrained IoT edge clusters. IEEE Transactions on Computer-Aided
Design of Integrated Circuits and Systems 37(11):2348-2359 DOI 10.1109/TCAD.2018.2858384.

Zulkifley M, Abdani S, Zulkifley N, Shahrimin M. 2021. Residual-shuffle network with spatial
pyramid pooling module for COVID-19 screening. Diagnostics 11(8):1497
DOI 10.3390/diagnostics11081497.

Zhang et al. (2025), Peerd Comput. Sci., DOl 10.7717/peerj-cs.2708 30/30


http://dx.doi.org/10.48550/arXiv.1409.1556
http://dx.doi.org/10.1109/TVT.2022.3219058
http://dx.doi.org/10.1109/JBHI.2019.2961264
http://dx.doi.org/10.1109/TCOMM.2022.3229033
http://dx.doi.org/10.1111/coin.12528
http://dx.doi.org/10.1109/ACCESS.2023.3257342
http://dx.doi.org/10.1186/s13677-023-00493-9
http://dx.doi.org/10.1109/TCAD.2018.2858384
http://dx.doi.org/10.3390/diagnostics11081497
http://dx.doi.org/10.7717/peerj-cs.2708
https://peerj.com/computer-science/

	A collaborative inference strategy for medical image diagnosis in mobile edge computing environment
	Introduction
	Related work
	System overview and problem modeling
	System design
	Experiments
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


