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Published: 29 October 2025 ¢onstrained computational power of EDs, which often leads to excessive energy use
and degraded inference accuracy. To mitigate these issues, we introduce a Distributed
Collaborative Inference (DCI) system designed to lower on-device inference costs.
Our system achieves this by distributing the inference workload across a network of
multiple EDs and Mobile Edge Computing (MEC) servers. To dynamically model the
complex relationships within the system and make optimal decisions, we develop a
Evolutionary Reinforcement Learning algorithm based on the Cross-Entropy Method
(CEM). This algorithm uniquely employs negative temporal difference (TD) error as a
fitness metric to identify and select elite individuals from the population. These elite
solutions generate high-quality samples that accelerate the learning process, enabling
the system to determine optimal decisions for distributed collaborative inference
and resource management within complex, dynamic search spaces. Our extensive
simulation results confirm that this approach markedly surpasses existing methods and
benchmark standards, yielding a 57.5% increase in the successful completion rate of
inference tasks and a 65.7% reduction in total system costs.
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1. Introduction

The evolution of intelligent mobile applications, such as real-time voice assistants, augmented reality (AR),
and object detection, is fundamentally driven by Deep Neural Networks (DNNs) [1]. While these applications have
historically relied on the vast computational power of cloud computing [2], a significant trend has emerged toward
deploying models directly on edge devices (EDs) to reduce network latency and mitigate data communication
concerns [3]. This on-device approach processes tasks closer to the source of data generation.

However, this shift presents a critical bottleneck: EDs possess limited computational capacity compared
to centralized cloud servers. Executing complex or large DNN models directly on these devices often results in
prohibitive energy consumption and compromised inference quality [4]. To address this, DNN partitioning has
emerged as a strategic solution. By splitting a DNN into smaller segments, the inference workload can be offloaded
and distributed, alleviating the burden on a single device [5]. This approach builds upon the foundations of Mobile
Edge Computing (MEC), a paradigm widely studied for task offloading and resource management at the network
edge [6,7]. Early research in DNN partitioning focused on simple binary splits, where parts of a model are computed
locally on the ED while the rest are offloaded to a cloud or MEC server [8—11].

While these initial approaches demonstrated the potential of distributed inference, they often overlook a crucial
opportunity: the vast, underutilized computational power within the edge network itself. Many EDs in an environment
may be engaged in light tasks or remain completely idle for extended periods [12]. This untapped resource pool presents
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a promising avenue for creating a more efficient, decentralized inference paradigm. Existing methods, which are
typically restricted to simple device-to-server collaboration models, fail to capitalize on this potential, leading to
resource wastage and processing bottlenecks on the primary devices and servers [13—15].

This paper proposes a more advanced multi-node Distributed collaborative inference framework that leverages
these idle resources to distribute DNN workloads dynamically. Consider a smart transportation application where
multiple smart cameras monitor urban traffic [16]. Individually, these cameras may lack the power for complex
analysis. By collaborating with other nearby EDs—such as idle smart vehicles in a parking lot or traffic light
controllers—they can collectively analyze vehicle congestion and predict traffic trends rapidly, without relying
on high-latency public networks to reach a distant server. Beyond intelligent transportation, our framework could
be highly beneficial in scenarios such as Industrial IoT (IIoT) for real-time quality control in smart factories and
remote healthcare monitoring, where data from various wearable sensors is collaboratively processed for timely
health alerts.

While this collaborative paradigm offers significant flexibility, it also introduces fundamental challenges. First,
distributing a DNN across numerous heterogeneous nodes—the source ED, multiple collaborative EDs, and the
MEC server—dramatically expands the search space for optimal partitioning decisions. This creates a complex
combinatorial problem due to strict layer dependencies and potential communication overhead [17-19]. Second,
coordinating this collaboration requires sophisticated dynamic resource orchestration. The system must constantly
balance performance gains against resource costs for each node, adapting to fluctuating network conditions and
resource availability to maintain stable and fair collaboration [20]. Third, effectively implementing such a system
requires a technique that can accurately represent the dynamic, intricate relationships between nodes, inference
tasks, and resources and efficiently navigate the vast search space to find optimal solutions.

To overcome these challenges, we introduce a novel Evolutionary Reinforcement Learning based method. Our
approach harnesses an adaptive evolutionary reinforcement learning strategy, which uses the Cross-Entropy Method
(CEM), to efficiently explore the solution space and optimize co-inference decisions and resource allocation in
highly dynamic and complex environments.

The primary contributions of this paper can be summarized as follows:

. We design and implement a multi-node Distributed Collaborative Inference (DCI) system that enables par-
titioned model inference across a distributed network of computing nodes. This system is designed to
dynamically manage the complex, evolving relationships between nodes, tasks, and resources, allowing for
real-time adaptation to changes in network topology and user mobility.

. We propose a novel CEM-based Evolutionary Reinforcement Learning (CERL) algorithm to navigate the vast
and dynamic search space inherent in our DCI system. This method utilizes negative temporal difference (TD)
error as a fitness metric to identify elite solutions within a population of networks. By allowing these elite
individuals to guide the learning process, our algorithm generates high-quality training samples, leading to
more efficient and effective optimization of partitioning decisions and resource allocation.

. We conduct extensive simulations that demonstrate the superiority of our proposed method. The results show
that our approach achieves a 57.5% improvement in the inference task completion rate and a 65.7% reduction in
overall system cost when compared to existing methods (e.g., D?QN, DDQN) and other benchmark schemes.

The remainder of the paper is organized as follows. We present the system model and the problem formulated
in Section 2. Section 3 outlines the settings for reinforcement learning. Section 4 describes the details of our
proposed optimization framework. The experimental results are analyzed in Section 5. Finally, Section 6 concludes
the paper.

2. System Model and Problem Formulation

In this section, we present the system model, analyze the energy consumption and time required for the
co-inference task, and then formulate the optimization problem. The notations used throughout this paper are
defined in Table 1.

2.1. System Model

2.1.1. System Overview

As illustrated in Figure 1, our proposed system facilitates collaborative DNN inference by distributing the
computational workload across a network of heterogeneous computing nodes. When an ED (the source node)
initiates an inference task, instead of processing the entire DNN model locally, the system partitions the model’s
layers for execution on multiple nodes. For example, the source ED might process the initial layers, offload
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intermediate layers to nearby idle EDs for computation, and have the final layers executed on the MEC server. This
distributed execution pattern significantly alleviates the computational burden on any single device. Moreover, it
provides essential computational support for EDs that may lack a direct connection to the MEC server by enabling
collaboration with neighboring devices. The final inference result is obtained after all layer segments are processed
sequentially through this collaborative chain.
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Figure 1. The architecture of the proposed distributed collaborative inference system.

Table 1. Summary of Important Notations.

Symbol Description

Sets and Indices

N Set of all computing nodes (MEC server indexed as 0).
L Set of DNN layers, |£| = L.

Q Set of inference tasks, |Q| = Q.

T Set of time slots, | 7| =T

S Set of available subcarriers, |S| = S.

n,m € N Indices for computing nodes.

q,p € Q Indices for inference tasks.

teT Index for a time slot.

System Parameters

Cé Computational workload of layer ¢ for task q.
Of] Output data size of layer ¢ for task gq.

Ry Maximum computational capacity of node n.
B Total communication bandwidth.

P Allocated transmission power.

gl] Channel gain of the allocated subcarrier.

52 Gaussian noise power.

ko Computational efficiency constant.

We, Wd Weight coefficients for energy and delay cost.
Decision Variables

dfl Node assigned to process task ¢ at time ¢.
uldh] Layer block (e.g., [i : j]) assigned to node d.
r [u [dfz]} Computational resources allocated to the assigned layer block.

wldl, d;™]  Subcarrier allocated for transmission between nodes.

Performance Metrics

Tomp Computation delay for task g.
TqT rans Transmission delay for task q.
ch omp Computational energy consumption for task q.
E,? rans Transmission energy consumption for task q.
Reinforcement Learning (CERL)
S System state, represented as a graph.
a(t) Action taken by the agent at time ¢.
R(t) Reward received at time ¢.
X, A GCN node feature matrix and adjacency matrix.
GeN Prediction Q-network with parameters 6.
GeN Target Q-network with parameters ¢'.
Ly 2 Mean vector and covariance matrix for CEM.
7 Fitness function (negative TD error).
¥ Discount factor.
D Experience replay buffer.
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2.1.2. System Components and Notation

The system is composed of one MEC server and N EDs. We define the set of all computing nodes as
N ={0,1,2,....,n,..., N}, where the index 0 represents the MEC server. We consider an on-device DNN
model with L layers, denoted by £ = {1,2,...,1,..., L}, which is distributed for distributed execution [9].
The set of all inference tasks is @ = {1,2,...,q,...,Q}, and their arrival is modeled as a Poisson process.
Each task must be completed within a maximum delay tolerance of T', which is divided into discrete time slots
T={1,2,...,t,...,T}. In any time slot ¢, if inference task ¢ is still in progress, it is assigned to a computing node
n, which we denote as df] = n. The node assigned for the subsequent computation step is denoted by dg“ =m.If
n = m, the task continues processing on the same node. The specific block of layers from i to j assigned to node n
for task ¢ is determined by the decision variable u[d}] = [i : j], where 4, j € L. Each layer is characterized by its
computational workload and the size of its output data. The output of layer i serves as the input for layer (i 4 1).
For task g, the output data size and computational workload of layer ¢ are denoted as Of] and Cé, respectively.
Therefore, the total computational workload for the layer block assigned to node n is C' [u[dflﬂ = i:i Cys
and the resulting output data size is determined by the final layer in the block, i.e., O [u[dfl]] = Oé. We denote
the computational resources allocated by node n to compute this block of layers for task ¢ as r[u[dg]]. For
communication resource management, we adopt Orthogonal Frequency Division Multiple Access (OFDMA) to
mitigate inter-device channel interference. The total bandwidth B is divided into S available subcarriers, denoted by
the set S = {1,2,...,s,...S5}. When the computation for task ¢ moves from node dfl to a different collaborative
node df;rl Ge., dfl + dflﬂ), a specific subcarrier s is allocated for the transmission of intermediate data. This
allocation is denoted as w[dfz, dffl] = s. In summary, the optimization variables for the system consist of the
distributed co-inference decisions (d, u), the computational resource allocation r, and the communication resource
allocation w.

Then, we present the co-inference delay model and the co-inference energy consumption model to comprehen-
sively model the performance of the proposed system.

2.1.3. Co-Inference Delay Model

The co-inference task delay model consists of two parts. We first introduce the computation delay.

To facilitate calculations, we abstract the CPU, GPU, and NPU as a unified computational resource. The
kernel scheduling for tasks across diverse computational architectures is highly complex, and we will investigate the
scheduling problem for heterogeneous architectures in future work [21]. Therefore, the computation delay of task g
in slot ¢ is defined as

Comp __ C[u[dé]]
T = 2. ey
r [u[dqu
Secondly, the communication delay is given as follows.
The transmission rate from n to collaborative node m in slot ¢ is given by
B w dt , dt+1
RTrans[dz’dZ-&-l] _ . IOgQ(]_ + g[ [ q’q Hp), (2)

S L

where g [w[dg, df;rl]] represents the channel gain of the allocated subcarrier s, p denotes the allocated transmission

power, and 62 is the Gaussian noise power.
Furthermore, the transmission delay of task ¢ in slot ¢ is given by

TTrans — 0 [u[dflu ]
q RTrans [dEp dé—‘rl]

3

2.1.4. Co-Inference Energy Consumption Model

We first present the computational energy consumption. The energy consumption of task g in slot ¢ is given by [9]
om 2
EZomP = ko - Cluld!]] - r[uldl]] ", )

where ko > 0 is a computational efficiency constant.
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Secondly, the transmission energy consumption of task ¢ in slot ¢ is given by

Oluldy]]
Trans __ q
Eq =P ]%Trans[d:t]7 df]—‘rl] : ®)

2.2. Problem Formulation

We introduce four @ x T matrices {(D, U), R, W} to represent the distributed co-inference decision, as well
as the allocation of computational resources and subcarriers across all tasks and slots, respectively. The elements in
the ¢ -th row and the ¢ -th column of these matrices correspond to the optimization variables for the task ¢ during the
slot t. The system cost is defined as the weighted sum of energy consumption and delay, and the goal is to minimize
the system cost for accomplishing all inference tasks, which can be formulated as:

Q T T
P1: EC’omp ETrans TComp TTrans
{(DU),RW};{weg;( Comp | [ )+wd;(q + 1) ©)
Subject to
wld,, dit] # wldh, it Vg, p € Qq #p,t €T, ©)
> rluldl]] < Rp™,¥neN,teT, ®)
qeQ
T
> uldl] =L,Yq € Q, ©)
t=1
T
S o(@Cem 4+ Ty < T g € Q, (10)

ﬁ
Il
_

where constraint (7) enforces that each subcarrier can be allocated to only one inference task for transmission
in each slot; (8) ensures that the total allocated computational resources at each node do not exceed its capacity;
(9) ensures that all layers of each task are processed; (10) imposes a time constraint for each task, ensuring that
computation and transmission complete within the specified maximum tolerance time. w, and w, are the weight
coefficients that represent the relative importance of energy consumption and latency in the system. By adjusting
these values, the optimization can focus more on minimizing energy consumption or reducing delay, depending on
the specific requirements of the system or application.

The proposed problem presents several fundamental challenges that make it particularly difficult to solve.
First, the optimization variables are highly coupled, as the distributed co-inference decisions directly affect both
computational and communication resource allocation, rendering it a mixed integer nonlinear programming (MINLP)
problem, which is NP-hard. Second, the problem is inherently time-sequential, requiring real-time decisions for
task partitioning and resource allocation, where each decision influences subsequent system states. This sequential
nature is further complicated by the dynamic characteristics of edge environments: inference tasks arrive with
varying characteristics, computational resources fluctuate over time, and network conditions change continuously.
Moreover, these dynamics require the system to balance immediate performance with future task requirements, as
inappropriate resource allocation or task distribution can create bottlenecks that affect system performance across
multiple time slots.

To address these challenges, traditional optimization methods prove insufficient as they primarily focus on
single time slot scenarios and struggle with sequential decision making over extended periods. RL, in contrast, is
particularly well suited for our problem due to several key characteristics. First, the sequential nature of decisions
aligns with RL’s capability to learn from continuous interaction with the environment. Second, the uncertainty
in task arrivals and resource availability can be effectively handled through RL’s exploration mechanisms. Third,
RL’s reward framework naturally accommodates our objective of minimizing system cost while maintaining
task completion requirements. This alignment enables our system to make effective decisions at each time
slot, continuously adapting to changes in task arrivals and resource availability to minimize latency and energy
consumption.

Therefore, we propose to solve this problem using reinforcement learning, specifically developing a novel
CEM-based Evolutionary Reinforcement Learning method. In the following sections, we first present how to model
our problem in the RL framework and then detail our proposed methodology that combines GCN’s representation
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power with evolutionary strategies to effectively solve the formulated problem.

3. Reinforcement Learning Setting

To leverage RL for our optimization problem, we first represent the target problem as a Markov Decision
Process (MDP). The initial step involves designing a comprehensive reinforcement learning (RL) environment that
consists of three most critical components: state, action, and reward. In the subsequent sections, we will dive into
these components and elaborate on them.

3.1. Graph Convolutional Network for System State

The complexity of our system lies in the intricate relationships between co-inference tasks, resources, and
computing nodes. Traditional state representations using vectors or matrices fail to capture these complex interde-
pendencies. Therefore, we adopt a graph-based approach to construct the system state representation. Specifically,
we describe the system state as a graph S = (Vq, V3, Eq, €3, Ea—p). The components are defined as follows:

. V (Node Features): There are two sets of nodes v and 3, and V,, V; representing the computational node layers
and co-inference task layers, respectively. Specifically, V, = {vg, v1, ..., vy} represents the computational
nodes, where each node is associated with a feature vector that includes computational capacity and available
resources, etc. Vg = {I{,13,...,11} represents the model layers of all co-inference tasks, where each layer is
associated with a feature vector that includes computational workload, output data size, execution status, etc.
We denote the feature matrix X as a || x d matrix, where each row represents the feature vector of a node,
with d being the number of input features per node.

. £ (Edge Features): The set of edges consists of three parts, each describing the relationships between the
graph nodes. £a represents the edges within graph layer o between computational nodes, corresponding
to the communication link status, where no edge refers to a communication link that is not connected or is
faulty; £s represents the edges within graph layer /3, which define the dependencies between co-inference
layers, i.e., the order of execution of the inference layers; and &£, g represents the edges between o and 3,
connecting computational nodes and co-inference task layers, indicating the assignment relationships of the
task layer partition. We denote the adjacency matrix A as representing the graph structure in matrix form,
with dimensions |V,| x |V3|, capturing the relationships between the computational node layers and the
computational task layers.

The features of the graph evolve over time, reflecting dynamic task arrivals, resource availability, and
communication conditions. This graph representation facilitates modeling and solving the co-inference problem
by leveraging the topological and relational information embedded in the system. By leveraging a graph-based
framework, we can efficiently represent large-scale systems with numerous tasks and devices, enabling effective
optimization of co-inference decisions.

Moreover, to fully utilize the relational information in the graph, we employ a Graph Convolutional Network
(GCN) as a feature extractor. The GCN processes the system state graph to generate embeddings for each node and
edge, encoding their local and global properties. A GCN layer processes this input by taking the tuple X, A as input
and producing a node-level output H of dimension V| x f (where f denotes the number of output features per
node), thereby approximating a nonlinear function f(X, A). The layer-wise propagation rule of a GCN is defined
as follows:

HD = fHV,A) =0 (]j—%A]j—%H(l>¢(l)> 7 a1

where D is the diagonal node degree matrix of A with Dii = > j Ai 7, 1) represents the weight matrix of the i-th
layer, o(+) is the activation function, and HO is the node feature representation at the [-th layer, with the initial
input as H(®) = X, the node feature matrix. With X as the input feature and A as the adjacency matrix, the GCN
model generates intermediate latent features while embedding the underlying network topology to assist the RL
agent in decision making.

3.2. Action Space

Each slot ¢, agent performs action a(t) under the constraints of the target problem, which consists of three
parts: distributed co-inference decision, computational resource allocation, and subcarrier allocation.

The distributed co-inference decision consists of two vectors: D(t) = [d, ..., d}, ..., dj] indicating which
computing node is assigned to each task and U(t) = [u[d{], ..., u[d}], ..., u[d}]] determining which layers are
processed for each task.

The vector R(t) = [r[u[d{]], ..., r[u[d}]], ..., 7[u[dy)]]] represents the allocation of computational resources,
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where r[u[dfl]} denotes the computational resources allocated to task ¢ in its assigned node. The allocation of
computational resources is discretized into percentages ranging from 1% to 100% with an integer interval 1%,
resulting in 100 possible discrete values for each task.

The vector W (t) = [w(d},d™], .., w[d}, 5], ..., wldf), df '] represents the allocation of subcarriers,
where w(d!,, d;*'] indicates the subcarrier allocated for the transmission of task ¢ between its current and next
computing nodes.

Consequently, by combining these vectors, the action of the system in time slot ¢ is defined as:

D(t),U(t)
alt) = | R(t) . (12)
W(t)

The dimension of the action space is [(V + 1) x L x 100 x S]. Since our action space consists of discrete
values, it is well suited for value-based RL. Value-based RL is a method in which decisions are made by evaluating
the value of each state or state-action pair. The core idea is to learn the expected return (value) for each state, which
then guides the agent in selecting the optimal action policy.

3.3. System Reward

The reward function, denoted as R, is designed to evaluate the efficiency of the action a(t) selected in state
s(t). After executing the selected action, the total system cost is derived based on Equation (6). In RL, the goal is to
maximize the cumulative reward. Therefore, the reward function is defined as the negative value of the system cost,
with the aim of minimizing the overall cost of the system.

Moreover, considering that the impact of task failure can significantly outweigh the effects of energy consump-
tion or delay, a penalty term P(t) is introduced to account for the severity of task failure. Specifically, P(¢) is a
constant, relatively large compared to the system cost, that amplifies the impact of task failure, ensuring that task
failure is prioritized in the optimization process.

Thus, the reward function is formulated as:

R(t) = —w, (Eqump(t) + E;[‘rans(t)) — Wy (Tqump(t) + T(’]I‘ranS(t)) o P(t), (13)

This design not only considers the trade-off between energy consumption and latency but also incorporates a
penalty for task failure, enhancing robustness and accelerating the convergence to a reliable strategy during RL
training. The weights and penalty values can be adjusted according to the specific characteristics of the task to adapt
to different scenarios.

However, directly applying standard RL methods to our problem is challenging because of its discrete nature
and complex optimization space. Therefore, in the next section, we propose an evolutionary RL framework that
integrates evolutionary strategies with value-based RL.

4. Methodology

In this section, we introduce the CERL optimization framework in detail. Existing studies have shown that the
integration of evolutionary algorithms with RL for policy search can enhance the performance of RL. However,
these studies are mainly focused on combining EAs with policy-based RL methods, which are typically designed
to address optimization problems involving continuous variables [22]. In contrast, since most of our optimization
variables are discrete, existing evolutionary RL methods face challenges in adaptation. Therefore, this paper
introduces an evolutionary mechanism based on CEM in value-based RL (Deep Q-Network, DQN) to obtain discrete
optimization solutions. We selected DQN due to its fast training speed, thereby enabling the efficient acquisition of
discrete optimization solutions under the evolutionary mechanism.

Specifically, CERL maintains a population of value functions rather than policies, consisting of GCN-based
Qccon networks and their corresponding target networks. We adopt the negative TD error as a new fitness metric
inspired by [23], which quantifies the discrepancy between the estimated values of the () oy networks and their
target values. CERL allows elites in the population to interact with the environment, providing high-quality samples
for optimization of RL, while the RL value functions participate in the evolution of the population in each generation.
The structure of the proposed CERL is shown in Figure 2. Specifically, CERL consists of four main stages: CEM
Optimization, Elite Interaction, GCN-Based DQN Optimization, and RL Injection. These stages will be introduced
in the following subsections.
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Figure 2. The structure of the proposed CERL.

4.1. Cross-Entropy Method Optimization

CEM [24] is an evolutionary strategy inspired by the distribution estimation algorithm [25]. In CEM optimiza-
tion, the population is represented using a Gaussian distribution parameterized by a mean vector x and a covariance
matrix Y. This distribution evolves iteratively, refining ;1 and 3 toward the optimal solution by focusing on the best
performing individuals. The details are elaborated as follows:

4.1.1. Population Representation and Sampling

In CERL, CEM evolves a population of Q9“N-networks and their corresponding target networks P =
{QFN, QGCN »_,. In each generation, individuals in the population are sampled as {Q§™, QGCN} ~ N(u, ).
To ensure the 1nﬂuence of previous learning, the optimized Q-network QGCN and its correspondlng target network

GCN of agent are periodically injected into the population, which will be introduced in the fourth stage.

4.1.2. Fitness Evaluation

To assess the performance of the individuals, the fitness values are calculated for all individuals in the
population. For CERL, fitness is evaluated using the negative TD error. To measure the discrepancy between
predicted Q-values QS’]SN and target (-values QGCN the equation is given by

6,00 =< | (r-+ e QN o) - QN (s.0)) (14)

where (s, a,r, s") denotes the state, action, reward and next state, respectively, and + is the discount factor. A smaller
TD error corresponds to a more accurate value function approximation. To efficiently calculate fitness, a batch of
size J is sampled from the experience pool D. This sampling strategy ensures a diverse coverage of state action
transitions, enabling a reliable fitness assessment for all individuals in the population. As f(6;, 8;) increases, the
accuracy of the Q-value approximation improves.

4.1.3. Elite Selection

The top-performing individuals, referred to as the elites, are identified according to their fitness values.
Specifically, the individuals with the highest fitness values, {z1, 22, ..., 2) /2}, are selected as the elite subset. The
number of elite individuals can be adjusted as needed. These elites serve as the basis for refining the population
distribution in the next generation.
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4.1.4. Distribution Update

The distribution parameters p and X are updated using elite individuals to guide the search process to regions
of higher fitness. The updates are computed as follows:

IP|/2

Hnew = E /\zzm
=1

[P[/2
Ynew = Z i (zz - ,Uold) (Zz - Mold)T + €Z,
=1

15)

where \; represents the weight assigned to each elite individual, and €Z is a small positive term added to ensure
numerical stability.

As the distribution evolves over generations, 1 and X adapt to focus on regions of high fitness, allowing the
population to converge to optimal solutions. By iteratively refining the population using fitness metrics based on TD
error, the framework ensures that Q-value function approximations become increasingly accurate.

4.2. Elite Interaction

In previous Evolutionary Reinforcement Learning works, all individuals in the population were required to
interact with the environment to obtain fitness [26]. A key mechanism to improve RL performance in these works
was the inclusion of samples generated through Uniform Interaction into the shared replay buffer for RL optimization.
This mechanism alleviates the problem of poor exploration in RL, preventing the waste of evaluation samples.
However, it also introduces a new issue: Only high-fit individuals generate useful samples for RL optimization,
while low-fit samples may be ineffective and potentially lead the RL agent to suboptimal solutions [27].

Based on the novel fitness metric used in our approach, individuals in the population no longer need to interact
directly with the environment to obtain fitness. Instead, their fitness is calculated from the samples stored in the
replay buffer, allowing for active selection of which individuals interact with the environment to generate samples.

Specifically, we first compute the fitness of all individuals in the population, {f(6;,6:)}*_,, using (14).
Then, the top N individuals with the highest fitness are selected to interact with the environment. Intuitively,
Elite Interaction ensures that the best performers contribute high-quality samples to the replay buffer D, while
the poorly performing individuals are prevented from wasting interaction resources, thus avoiding the potential
negative impact of low-quality samples on the RL optimization process. The mechanism improves the efficiency of
the optimization process, ensuring that the agent only learns from the most valuable experiences while avoiding
suboptimal training data.

4.3. GCN-Based DQON Optimization

The GCN-Based DQN Optimization process is critical to refining the RL agent policy using experiences stored
in the replay buffer D. This process consists of two main components: interacting with the environment to gather
new experiences and performing gradient-based optimization of the Q-network. As described in Section 3.1, to
enhance the modeling of relational dependencies in the state of the system, our approach adopts a DQN based on
GCN to approximate the Q function.

Specifically, GCN-Based DQN includes a replay buffer D and two neural networks: a prediction network QSCN
with parameters 6 and a target network S/CN with parameters 6. The replay buffer D stores observed experiences
as tuples (s(t), a(t),r(t), s(t)). Based on (11), by aggregating node embeddings, the prediction network computes

the Q-values for a given state s(t) and action a(t) expressed as:
Q5 (s(1), alt)) = H(s(t), a(t)) - ¥, (16)

where H(s(t), a(t)) is the node feature representation after processing through the all GCN layers.
The target network computes the target Q-values Q5 for the next state s(¢ + 1), which is given by:

67 (st + 1), alt + 1)) = r(t) + 7 max Qp(s(t +1),alt +1), (17)

where Qj, (s(t + 1), a(t + 1)) approximates the Q-value for action a(t + 1) in the future state s(¢ + 1).
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The loss function is defined as the mean squared error (MSE) between Q5N and Q§N, which is given by

L£(6) = E[QS™N(s(t+ 1), a(t + 1)) — Q5N (s(t), a(t))]” . (18)

To minimize the difference between two networks, gradient descent is used to update the parameters 6 of the
evaluation network:

A0 =aVeL(0) = aE | (QF™N(s(t+1),a(t +1)) — QFN(s(t),a(t))) - VoQgN(s(t),a(t))|. (19

where « is the learning rate. In particular, the target network parameters are periodically updated by replacing
0" < 0 to stabilize training.

4.4. RL Injection

The RL Injection step integrates the refined Q-network of the RL optimization process into the evolutionary
population, ensuring that the progress made by the RL agent directly informs the evolutionary optimization. This
fosters synergy between RL and evolutionary algorithms. After optimization of RL, the updated Q network QGGISN
and its corresponding target network QS}SN are injected into the population P each generation. If the RL individual
achieves a higher fitness value f(frr, GQL) and is selected as an elite, it will guide the population and promote
its evolution. Otherwise, both QFN and Q%CLN are injected into the population IP will be eliminated. Moreover,

the target network Q5N

Q network QFN.
This injection allows the population to benefit from the enhanced Q-value estimates of the RL agent, introducing
high-quality approximations into the evolutionary process. By incorporating RL-optimized networks, the population

is updated every generation H by performing a hard update using its corresponding

converges more efficiently towards optimal solutions.

In summary, the details of the CERL algorithm are presented in Algorithm 1. First, the relevant parameters are
initialized (Lines 1-2). During each iteration, the algorithm performs four key stages: (1) CEM Optimization (Lines
3-6), where a new population P is sampled from a Gaussian distribution parameterized by p and X, and fitness is
evaluated to update the distribution; The top individuals with the highest fitness are identified as elites (Line 5),
and the distribution parameters p and X are updated using the highest performing half of the population (Line
6). (2) Elite Interaction (Line 7), where the elite individuals interact with the environment and store experiences
in the replay buffer D; (3) GCN-Based DQN Optimization (Lines 8—14), where the RL agent interacts with the
environment, and updates the Q-network by minimizing the loss function; and (4) RL Injection (Lines 15-17), where
the optimized Q-network and target network are periodically injected into the population to stabilize training, and
the target network is periodically updated. Through these iterative steps, CERL effectively combines evolutionary
optimization and GCN-based RL techniques for robust Q-network training.

Algorithm 1: CERL

Initialize : Replay buffer D, GCN Q-network Qggf, target network
3 = oinic
while not reached maximum training steps do
(@ CEM Optimization: Population Evaluation and Evolution
Draw the current population P from N (p, ) to replace the old P except the injected RL individual.

GCN

o7 » population P = {Qg,, Qq/ }&_ with size k, covariance matrix
RL i

1
2

3

4 Population Evaluation: Sample data with size .J from D to compute fitness { f(6;, 6;)}*_, using Equation (14).
5 Elite Selection: Select top individuals with highest fitness as elites.

6 Update 1 and 3 with the top half of P using Equation (15).

7 @ Elite Interaction: Elites interact with environment and store experiences in D.

8 @ GCN-Based DQN Optimization: Interaction and Gradient Optimization

9 RL Interaction: The RL agent interacts with the environment and stores experiences in D.

10 RL Optimization: Observe the current system state s(¢) obtained through GCN and compute the Q-values based on (16)
1 With probability e, select a random action a(t); otherwise, select a(t) = arg max, QSN (s(t), a(t)).
12 Execute action a(¢) and observe reward r(t) and next state s(t + 1).
13 Store transition (s(t), a(t), r(t), s(t + 1)) in the pool.
14 Gradient Optimization: Sample a random minibatch of transitions (s(t), a(t), r(t), s(t + 1)) from the pool.
15 Perform gradient descent to optimize the Qg’gj based on (19)
16 @ RL Injection: Inject the optimized Qggg and QS,CN into the population P.
RL

17 Update Qg’,CN periodically.

RL
18 Update ng'N in P with Qg‘fN every H generations.

After CERL is trained and deployed, it is capable of responding quickly to the dynamic state of the edge
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computing environment according to the time slot, including the current arrivals of tasks and the availability
of resources for the DCI system. Thus, it reacts quickly to the environment and generates the corresponding
partition decisions, computation resource allocation, and communication resource allocation in real-time. Therefore,
the optimal solution {(D*, U*), R*, W*} and the corresponding minimum system cost of the DCI system can
be obtained.

4.5. Algorithm Complexity Analysis

The computational complexity is predominantly influenced by the architecture of the GCN and the evolution
strategy. For a GCN with G layers, where each layer contains u, nodes in the g-th layer, the computational
complexity of one forward pass is computed as O(Y') = (’)(Ef:1 UgUg+1) [28]. For the CEM-based evolution
phase with population size k and sample size J, the computational complexity is O(kJY"). The DQN optimization
with batch size B for ¢ iterations requires O(Y Bt) computations. Therefore, the total computational complexity for
training is O(kJY + Y Bt). For the execution phase, the decision-making process only requires one forward pass
of the GCN-based Q-network, resulting in a complexity of O(Y").

5. Experimental Study

5.1. Experimental Settings

As shown in Figure 3, the device model considered consists of 6 convolutional (Conv) layers, one Transformer
(Trans) layer and one fully connected (FC) layer, where L = 8. The input and output of each layer are stored in
a floating point matrix of size {F['} = {3 x 64 x 64,4 x 32 x 32,64 x 16 x 16,64 x 8 x 8,64 x 8 x 8,64 x
4x4,64 x2x2,64x1x1,9}. Since the storage size of a floating-point number is 64 bits (that is, 8 Bytes), the
output data size is in bits for each layer {OqL} ={4x32x%x32,64 x 16 x 16,64 x 8 X 8,64 x 8 x 8,64 x 4 x 4,
64 x 2 x2,64x1x1,9} x 64.

On-device Al Model

1 2 3 4 5 6 7 8
Input Output
Conv Conv Conv Trans Conv Conv Conv FC
@_> Layer || Layer | .| Layer [ | Layer [ | Layer|_.|Layer [ .| Layer [ | Layer @
3 4 64 64 64 64 64 64 9
X X X % 7% X X X
64 32 16 278 ;8 4 2 1
X X X -7 X !X X X X
64 32 //1'6/ 8 8 4 2 1
" Structure of Trans Layer | | Atiention Block :
i i ' v
o= 3= 5] P | B E o S 2|1
I EZ s S—=E— |25 5= ||
HEZhl22] [Elat ([RZ2] |22] |2
! <@ . <] =]
[ X Y— __=—X__ [ S g g
64 8
X X
64 8

Figure 3. The considered on-device model, where L = 8.

In each convolutional layer, the output of the previous layer is processed using Conv2D kernels (4 kernels for
the first layer and 64 kernels for the remaining layers), followed by a batch normalization and a ReLu activation.
The Transformer layer processes features through 4 attention units, each with 8 heads and a dimension of 32. For the
convolutional layer, each convolution kernel processes the current input by performing Féil convolution operations,
each of which contains 17 floating-point multiply/add calculations. Let £ be the average computational resource
cycles required per calculation. Then, the computation workload of each convolutional layer can be calculated as
Ofl = Fé‘l x 64 x 17 x &. The result of the last convolutional layer is processed by a fully connected layer, which
involves (64 + 63) x 9 floating-point multiply/add calculations to obtain the final individual output. Therefore,
the computing workload of the FC layer is (64 + 63) x 9 x £&. The number of multiply-add operations for the
transformer layer is quantified as 45.4164 x 10° using the calflops tool [29] in Python. Then, the computation
workload for each layer is {C'F} = {3x 64 x 64 x4 x 17,4 x 32X 32X 64 x 17,64 x 16 X 16 x 64 x 17,45.4164 x
106,64 x 8 x 8 X 64 x 17,64 x 4 x 4 X 64 x 17,64 X 2 x 2 x 64 x 17,127 x 9} x £. As reported in [30], a typical
modern CPU with an on-chip FPU requires 7 and 4 CPU cycles for floating-point multiply and add operations,
respectively. Therefore, to account for the computational workload of other operations, such as ReLU activation and
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max-pooling, we set a slightly larger value of ¢ = 10.

The GCN-based Q-network consists of 3 graph convolutional layers, with hidden dimensions of 64, 128, and
256 respectively. Each layer is followed by ReLLU activation and batch normalization. For CEM optimization,
population size £ = 50 and select the top as elite, sample size J = 64, H = 1. We perform experiments with
varying numbers of EDs: N = 5,10,...,50. The inference tasks generated by each ED follow the Poisson
distribution. The detailed experimental settings are as follows [6,9]: The computational resources of the ED are [0.1,
1.0] GHz, and the MEC server is 10 GHz. The processing delay tolerance is 7' = 3 s. The channel bandwidth B is
set to 20 MHz, the transmission power p is 1 W, and the Gaussian noise power §2 is -113 dBm. The computational
efficiency constant kq is set to 10726, The channel gain g = d—*, where d is the propagation distance. The weight
coefficients are w, = 0.8 and wy = 0.2. The effectiveness of CERL is evaluated using the metrics of system cost
and inference task completion rate.

5.2. Effectiveness of CERL

In order to evaluate the effectiveness of CERL, we first compare our CERL with two reinforcement learning
methods. The first is the Double Deep Q-Network (DDQN), which stabilizes DQN training by using two separate
networks to decouple the selection and evaluation of Q-values, making it a standard baseline in deep reinforcement
learning. The second is D?QN [31], a bi-level optimization framework that combines Dueling-DQN, Double-DQN
with adaptive parameter space noise. We select DDQN as it represents a fundamental value-based RL approach,
while D?QN serves as a strong baseline that has demonstrated effectiveness in MEC optimization scenarios.

5.2.1. Comparison with RL Methods

Figure 4 shows the comparison of convergence performance with two RL methods under various numbers of
EDs. As illustrated in the figure, CERL consistently achieves lower system costs compared to both D? QN and
DDQN on all network scales. When N = 10, CERL converges to a system cost of approximately 2, while D?QN
and DDQN converge to approximately 5 and 7, respectively. D?QN outperforms DDQN because it incorporates
adaptive parameter space noise and Dueling-DQN, leading to more efficient exploration and better resource
allocation decisions. As the number of EDs increases, the cost of the system naturally increases due to the increased
complexity of resource management and task coordination. However, CERL maintains its superior performance and
shows better scalability. For example, with N = 50, CERL achieves a stable system cost of about 40, while both
D2QN and DDQN converge to significantly higher values around 70.

N=10 N=15 N=20 N=30
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Figure 4. Convergence of the CERL comparison with RL methods.

Furthermore, CERL exhibits faster and more stable convergence behavior. It typically reaches stable perfor-
mance within 200 training epochs, whereas D2QN and DDQN show more fluctuations and require more training
epochs to converge. This advantage becomes more pronounced as the network scale increases, particularly in
scenarios with N > 30. CERL, by using elite individuals to guide the search, discovers optimal partition decisions
and resource allocation strategies in complex scenarios with a large number of EDs.

Moreover, Figure 5 shows the variation in the utilization of computational resources in three time slots
during the optimization process for N = 20. Several important conclusions can be drawn: First, the effect of
resource optimization is evident. Most computing nodes show a significant reduction in the remaining resources
after optimization. For example, in time slot 1, the remaining resource of ED 11 decreases from 92% to 2%,
indicating that CERL effectively allocated inference tasks, leading to better resource utilization. Second, the results
demonstrate dynamic resource management capability. The remaining resources vary significantly across different
time slots (for example, ED 7 shows 14%, 93%, and 74% in the three time slots), but CERL consistently adjusts its
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optimization strategy according to these time-varying conditions. Third, CERL achieves effective load balancing.
The optimization process often first uses nodes with more resources remaining, which results in a more balanced
distribution of the computational load after optimization. This balanced distribution helps prevent system bottlenecks
and improves overall efficiency. These results collectively demonstrate CERL’s ability to dynamically optimize
resource allocation while maintaining system performance and efficiency.

MEC ED: 1 16 17 18 19 20
\ \ \ \ \ \ \
) . 100%

Time Slot 1: Init - %A 84% WRECAM 75% | 51% J 54% | 79% | 92% | 85% | 84% | 40% WG 35% § os% | 66% | 83% | 60%
- 80%

Optimized - 11% 84% WEECAM 75% [ 51% [ 54% [ESTRNENE L RNNNY UL 15% 8% 66% 29%
Tlme S|0t2 Inlt - . e o - " 60%
Optlmlzed - " o . e o o e 40%
Tlme SlOt 3 Inlt - - e . e o 200/
o

Optimized - 2% o . o o o " o N
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Figure 5. The utilization of computational resources of CERL over time.

Remaining Computational Resources

Furthermore, Figure 6 compares the system cost and collaboration counts for N = 30 among CERL, D?QN,
and DDQN. Collaboration count refers to the total number of times that all tasks are distributed and processed on
multiple computing nodes. It should be noted that a higher number of collaborations does not necessarily lead
to better performance, as excessive partitioning can introduce additional communication overhead and resource
consumption. CERL achieves the lowest system costs with appropriate collaboration counts. This indicates that
CERL can intelligently determine when collaboration is beneficial, avoiding unnecessary partitioning that could
increase communication overhead. In contrast, D2QN shows higher system costs despite similar collaboration
counts, suggesting less efficient collaboration decisions. DDQN exhibits the highest system costs with varying
collaboration counts, indicating its inability to effectively balance the trade-off between collaboration benefits and
associated costs. These results demonstrate that the effectiveness of collaborative inference depends not just on
the number of collaborations, but on making intelligent decisions about when and how to partition tasks. CERL’s
superior performance stems from its ability to identify truly beneficial collaboration opportunities while avoiding
unnecessary partitioning that could increase system overhead.
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Figure 6. Comparison of system costs and collaboration counts for N = 30.
5.2.2. Comparison with Benchmark Schemes

In this subsection, we evaluate CERL by comparing its performance with three benchmarks: LC, where all
inference tasks are performed locally; EC, where all EDs attempt to send their inference tasks to the MEC server;
and Random, where all EDs randomly select either LC or OC.

For the system cost shown in Figure 7, CERL consistently maintains the lowest cost by intelligently distributing
inference tasks across multiple nodes, achieving a reduction of 65. 7% compared to LC. Although EC performs
better than LC by avoiding local computing limitations, it still shows higher costs than CERL due to excessive
server congestion and connection constraints. This demonstrates that neither pure local computing nor complete
edge offloading is optimal for DNN inference in edge computing environments.
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In terms of the task completion rate shown in Figure 7, CERL maintains a consistent completion rate 100%
through effective collaborative computing, showing a 57.5% improvement over LC. The declining completion rates
of both LC and EC. The LC approach relies primarily on local inference and exhibits poor performance due to the
resource-intensive nature of DNN models that exceed the computational capabilities of EDs. This is evidenced by
its high system cost and low completion rate, highlighting the challenge of executing complex DNN models solely
on resource-constrained devices. These results validate the necessity of balanced collaborative inference.
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Figure 7. System cost and task completion rate comparison with benchmarks.

These results demonstrate that CERL effectively addresses the limitations of both local-only and server-only
approaches through intelligent task partitioning and collaborative inference, significantly improving both system
efficiency and reliability. Moreover, in the context of N = 50 ED, the average training time for each epoch in
CERL is approximately 20 seconds, while the single inference time after training is around 25 milliseconds. This
illustrates the feasibility of CERL within the DCI system and confirms the efficiency of real-time decision-making.

In summary, CERL demonstrates superior performance in terms of both system cost reduction and inference
task completion rate, indicating its strong capability to handle resource-constrained edge computing scenarios where
complex DNN models need to be efficiently executed through collaborative inference.

6. Conclusions

In this paper, we have addressed the challenges of efficient distributed co-inference in dynamic edge computing
environments through a novel collaborative computing paradigm. The proposed DCI system highlights the potential
of distributed intelligence, enabling computing nodes to collaboratively address complex inference tasks. Our
extensive experiments have validated that this approach effectively balances system performance and resource
utilization, demonstrating the viability of collaborative edge inference for real-world applications. Our work
contributes to the ongoing development of distributed collaborative inference as an effective approach for deploying
advanced on-device models in resource-constrained edge devices.

While the CERL framework proposed in this paper has achieved initial success in reducing system costs and
enhancing task completion rates, it is crucial to explore its potential limitations and look toward future research
directions. One direction worthy of in-depth exploration is the integration of this framework with Federated Learning
(FL) technology. The core advantage of FL lies in its ability to enable nodes to collaboratively train models without
sharing raw data, thereby offering a new paradigm for distributed inference that enhances both efficiency and
privacy. Recent studies have applied FL to the field of IoT cybersecurity, aiming for privacy preservation and
real-time threat detection [32], which confirms the value of this technology in enhancing distributed systems. In
summary, investigating the deep integration of the CERL framework with privacy-preserving technologies such as
FL to build more robust, secure, and efficient distributed Al systems at the edge constitutes a valuable subject for
future research.
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