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Abstract—Computing Power Network (CPN) has emerged as
a promising paradigm that integrates communication networks
with distributed computing resources to support new-generation
applications, such as Artificial Intelligence (AI) and Virtual Real-
ity (VR). While CPN enables efficient utilization of heterogeneous
computing resources, its implementation faces several challenges,
including accurate computing power measurement (CPM) of het-
erogeneous computing resources and efficient task scheduling. To
adapt computing tasks with different attributes to heterogeneous
computing resources, we propose a novel framework for CPM
and computing task scheduling. First, to facilitate accurate CPM,
a clustering-based algorithm categorizing tasks into distinct
types based on their attributes is proposed. Then, a neural
network model is designed to measure the computing power
of heterogeneous computing resources after the task clustering.
Second, we formulate a computing task scheduling problem to
maximize the matching degree between tasks and computing
resources based on the proposed CPM, whose environment is
modeled as a Markov Decision Process (MDP). Then, a deep
reinforcement learning-based task scheduling strategy with an
adaptive exploration mechanism to accelerate the convergence is
proposed. Simulation results show that the proposed framework
can improve the rewards of task scheduling by up to 30.4%
compared to baselines.

Keywords—Computing Power Network, Computing Power
Measurement, Task Scheduling.

I. INTRODUCTION

With the rapid development of Artificial Intelligence (AI)
applications, the demand for ubiquitous deployment of com-
puting resources (e.g., cloud services, computing resource
providers, and personal computing power) has grown signif-
icantly [1]–[3]. Meanwhile, computing resources in networks
are gradually shifting from cloud computing centers to net-
work edges [4]. Computing power network (CPN), integrating
heterogeneous computing resources with communication net-
works to enable efficient task scheduling for delay-sensitive
and computation-intensive applications (e.g., AR/VR render-
ing), has been proposed [5]. However, the implementation
of CPN over wireless networks presents several challenges,
including accurate computing power measurement (CPM) [6],
which quantifies the heterogeneous computing resources in
CPN, and efficient task scheduling [7].

Recently, a number of existing works such as [8]–[11] have
studied the CPM methods. The authors in [8]–[11] proposed
a weighted-sum paradigm to measure the computing power
for heterogeneous resources by aggregating them through
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relative weights. In particular, the authors in [8], [9] employed
manually configured weights in the paradigm. Compared to the
static weights used in [8], [9], the authors in [10] employed
the entropy of different hardware as the aggregation weights.
In contrast, the authors in [11] determined the weights through
an auction mechanism, which are dynamically adjusted based
on the bids between computing resource demanders and
providers. However, the authors in [8]–[11] ignored that the
computing resources exhibit distinct capabilities when pro-
cessing varying task types, thus leading to unreliable CPM
performance.

Recently, a number of existing works such as [12]–[14]
have studied task scheduling issues in CPN. The authors in
[12] adopted homogeneous computing tasks and proposed a
Lyapunov-optimized deep reinforcement learning algorithm to
optimize the delay of computing tasks under load balancing
constraints. The authors in [13] adopted green energy-driven
tasks and proposed a PPO-based deep reinforcement learning
algorithm to maximize green energy utilization. However, the
authors in [12], [13] ignored the diverse types of tasks in CPN
for differentiated task scheduling, resulting in incompatibility
between tasks and computing resources. To fill this gap, the
authors in [14] measured the compatibility between tasks and
computing resources by calculating the Euclidean distance
between their features and proposed a meta-reinforcement
learning approach to maximize the compatibility in task
scheduling. However, calculating the compatibility between
each task and computing resources introduces significant costs.

To address the challenges in CPM and task scheduling, we
propose a comprehensive framework for CPN that integrates
CPM and efficient task scheduling strategy. Our key contribu-
tions are as follows:

• To facilitate accurate CPM, we first introduce a
clustering-based task classification algorithm that catego-
rizes computing tasks into distinct types based on their
attributes. Then, we propose a novel CPM model to
achieve accurate CPM, which can capture the association
between computing resources and typical tasks.

• To enhance the task scheduling, we first introduce the
matching degree to quantify the compatibility between
tasks and computing resources, and formulate the con-
sidered task scheduling environment as an MDP. Then,
we propose a deep reinforcement learning-based schedul-
ing strategy to maximize the global matching degree
with the delay constraints. Specifically, we calculate the
computing power of each node following the task type,
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Fig. 1. Illustration of the considered CPN system.

thus reducing the cost of task scheduling. Besides, to
accelerate the convergence rate of the proposed strategy,
an adaptive exploration mechanism is proposed.

• Numerical evaluation results show that our proposed
framework can significantly enhance the accuracy of
CPM, task scheduling performance, and convergence rate
compared with baselines.

The rest of the article is structured as follows. Section II
outlines the system model. Section III details the proposed
CPM model and scheduling algorithm. Simulation results are
presented in Section IV, and Section V offers the conclusion.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider a CPN system, which
consists of a set V of V devices that generate computing
tasks, a CPN dispatcher that schedules the tasks offloading
to M CPN nodes in set M for computing. Moreover, a set
K of K CPN routers are connected with devices and CPN
nodes for data transmission. In each time slot t, each device v
can generate task av,t ∈ At which can be divided into N
types (AI training tasks, AI inference tasks, etc.) with the
probability λv = [λv,1, · · · , λv,N ], where λv,n ∈ (0, 1) and∑N

n=1 λv,n = 1. Then, the detail information of each task av,t
can be given by b (av,t) = [qv,t, wv,t, ev,t, rv,t, zv,t], where
qv,t ∈ [1, N ] indicates the type of task, wv,t is the data volume,
ev,t represents the computation amount, rv,t is the delay
requirement, and zv,t is the algorithm complexity. To describe
the computing capabilities of heterogeneous CPN nodes for
various types of tasks, we introduce Fm = [fm,1, · · · , fm,N ]
as the computing power based on device m’ hardware infor-
mation Hm ∈ RY×1 to represent the hardware information
(e.g., CPU, GPU, NPU, and cache). The overall process of
the task scheduling in the considered CPN system is given as
follows:

1) The CPN node m transmits its computing power infor-
mation Fm to the CPN dispatcher through the network.

2) Each device v generates a computing task av,t with
type probability λv and transmits av,t and b (av,t) to its
connected CPN router.

3) The CPN router reports b (av,t) to the CPN dispatcher,
which then determines the task scheduling according to
the b (av,t) and Fm of each CPN node m.

4) The CPN routers transmit av,t to the corresponding CPN
node for computing.

5) The CPN node computes av,t and returns the result to
device.

Steps 2)-5) are performed until all tasks have been calculated.

A. Transmission Process
We utilize the orthogonal frequency division multiple access

(OFDMA) transmission scheme for task transmission from
device v to its related CPN router k through the Rayleigh
fading wireless channel [15], the data rate is given by

Rv,k = Blog2

(
1+

pvh(dv,k)

σ2

)
, (1)

where B represents the bandwidth, with pv being the transmit
power. h(dv,k) = ρd−2

v,k is the channel gain between device
v and CPN router k. ρ is the Rayleigh fading parameter, and
dv,k is the distance between device v and the CPN router k.
σ2 is the additive white Gaussian noise. Thus, the wireless
transmission delay of task av,t is given by

Tupload
v,k =

wv,t

Rv,k
. (2)

We utilize Rl to represent the data rate of link l between
CPN routers. Therefore, the transmission delay of task av,t
from CPN router k to CPN node m is given by

T link
k,m =

∑
l∈Lk,m

wv,t

Rl
, (3)

where Lk,m is the set of paths from the source CPN router k to
the destination CPN node m. Since the size of task information
b (av,t) can be ignored compared with wv,t, we disregard the
delay for transmitting b (av,t) from CPN router to the CPN
dispatcher. Similarly, we don’t consider the delay for receiving
results from the CPN node.

Once the CPN dispatcher determines the scheduling location
of task av,t, the total transmission delay of task av,t is given
by

T trans
av,t,m = Tupload

v,k + T link
k,m . (4)

B. Computation Process
We introduce the scheduling decisions xav,t,m ∈ [0, 1],

where xav,t,m = 1 implies that task av,t is offloaded to the
CPN node m, and xav,t,m = 0, otherwise. In our work, each
task is indivisible and can only be processed by one CPN
node. Thus, we can have∑

m∈M
xav,t,m = 1, ∀av,t ∈ At. (5)

For the convenience of describing the computation process,
we measure the computing power of CPN node m for pro-
cessing task av,t, which is given by

fm,qv,t
= G(Hm, b (av,t) , τ), (6)

where G(·) represents the paradigm of transforming hetero-
geneous hardware information Hm and the task information
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b (av,t) into a unified computing power fm,qv,t , and τ is the
parameters of the function G(·).

Then, we introduce Ym(t) = [ym,1(t), . . .] to describe the
execution queue of CPN node m at time slot t, and S is
the maximum length (i.e., |Ym(t)| ⩽ S). The total process
delay of task av,t comprises both computing and queue waiting
delay, which is given by

T pro
av,t,m =

|Ym(t)|−1∑
j=1

em,j

fm,qm,j

+
ev,t

fm,qv,t

, (7)

where em,j represents the computation amount for the j-th
task in the execution queue.

C. Matching Degree Model
While the CPN nodes can handle different types of tasks,

they exhibit distinct preferences and provide different comput-
ing capabilities due to the heterogeneous properties of hard-
ware. To quantify this relationship, we define the computing
preference degree ρav,t,m ∈ [0, 1] between task type qv,t and
CPN node m as follows

ρav,t,m =
fm,qv,t

f̂m
, (8)

where f̂m is the maximum computing power of CPN node m,
i.e., f̂m = max(Fm).

To avoid most tasks being scheduled to high-capability CPN
nodes, which results in extended queue delay and overloading,
we introduce the utilization rate of computing resources, under
the constraint that task av,t can be completed by CPN node
m, as follows

βav,t,m =
ev,t(

rv,t − T trans
av,t,m

)
fm,qv,t

. (9)

Then, we introduce the matching degree between task av,t
and CPN node m as a weighted sum of preference degree and
utilization rate, which is given by

ηav,t,m = µ1ρav,t,m + µ2βav,t,m, (10)

where µ1 and µ2 represent the weighting values.

D. Optimization Formulation
Our goal is to maximize the global matching degree while

satisfying the delay requirements of tasks. Accordingly, the
optimization problem can be formulated as

max
Xt,τ

∑
t∈T

∑
m∈M

∑
av,t∈At

xav,t,mηav,t,m, (11)

s.t.
∑

m∈M
xav,t,m = 1, ∀av,t ∈ At, (11a)∑

m∈M
xav,t,m(T pro

av,t,m + T trans
av,t,m) ⩽ rv,t, ∀av,t ∈ At,

(11b)
|Ym(t)| ⩽ S, ∀m ∈ M, (11c)
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Fig. 2. Architecture of the CPM model.

where Xt =
[
xav,t,m, · · ·

]
represents the scheduling set.

Constraint (11a) ensures that each task can be deployed only
on one CPN node. The constraint (11b) guarantees that the
CPN node can complete the task within the maximum delay
requirement. The constraint (11c) ensures that the CPN node’s
execution queue length is prevented from overflowing.

The problem in (11) is difficult to solve due to the following
reasons. First, task classification is challenging because the
diverse requirements of tasks make it hard to categorize them
accurately. Second, proposing an accurate CPM is challenging
due to the heterogeneous nature of computing resources, as
converting them into a unified computing power is hard. Third,
the global task scheduling is an integer programming problem
making it difficult to solve due to its NP-hard nature.

To address these challenges, we first introduce a K-means-
based clustering algorithm to divide tasks into N types based
on their attributes before task scheduling. Subsequently, we
propose a CPM model based on a novel neural network that
quantifies heterogeneous computing resources into a unified
computing power based on task types. Finally, we introduced
a deep reinforcement learning-based task scheduling strategy
with an adaptive exploration mechanism to accelerate the
convergence rate, which maximizes the matching degree under
the delay requirement.

III. PROPOSED CPM MODEL AND ALGORITHM

A. Task Classification
We employ the K-means algorithm for task classification

since it can effectively address the challenge of classifying
tasks with diverse requirements by grouping tasks with similar
demands into clusters. The initial values of task centroids
c′ = [c′1, · · · , c′N ] are chosen randomly from task information
set B = {b(av,t), · · · }. Then, the task av,t is declared to be
the same cluster with the closest centroids which divide A
into C = {C1, · · · , CN}. After each clustering, the parameters
of new centroids are estimated as the mean of tasks that are
members of the cluster. The procedures of partition assignment
and updating centroid are performed repeatedly until stable
centroids have been reached [16]. We assume that the set of
stable centroids is c = [c1, · · · , cN ], and the tasks in the same
cluster Ci are classified as a unified standard task ci. Then, the
computing power to handle the tasks av,t ∈ Ci for CPN node
m is determined as follows

fm,qv,t = fm,ci , ∀av,t ∈ Ci. (12)

B. Components of CPM Model
From (6), the computing power is determined by both

the information of hardware and task attributes. To capture
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the association between computing power and task types
simultaneously, we propose a CPM model based on a neural
network, as illustrated in Fig. 2. The proposed CPM model
consists of four parts: the hardware resources input model,
the task attribute input model, the concatenate model, and the
output model.

In the hardware resources input model, we employed the
Z-score method to standardize the hardware resources infor-
mation Hm to Ĥm, which is given by

Ĥm =
xij −Xj

σj
, ∀i ∈ 1, 2, ...,M, ∀j ∈ 1, 2, ..., Y, (13)

where Xj and σj denote the mean and standard deviation of
the corresponding feature in the data set, respectively. Then,
the preliminary CPN node tensor h ′

m is given by

h ′
m = ψ

(
ϕ1

(
Ĥm

))
, (14)

where ψ(·) indicates the relu function, and ϕ1(·) represents
the multilayer perceptron layer (MLP).

In the task attribute input model, we assume the considered
task av,t belongs to the cluster Ci, and the attributes of the
cluster’s centroid are b(ci) which will be used together with
node information tensor h ′

m as the inputs of the concatenate
model. Then, the concatenate model is designed to combine
the node information h ′

m with task attributes b (ci), which is
given by

φn,m = Φ(b (ci) , h
′
m), (15)

where φn,m is the concatenated tensor, and Φ(·) represents
the concatenate function. Given the concatenated tensor φn,m,
we utilize an MLP in the output model to transform the
concatenated tensor into predicted computing power f ′m,n,
which can be expressed as

f ′m,n = ψ(ϕ2(φn,m)), (16)

where ϕ2(·) represents the MLP in output model.
Here, we minimize the mean square error G which measures

the gap between predicted and ground truth computing power,
as follows

G =
1

n

n∑
i=1

(f ′m,qi − fm,qi)
2, (17)

where n is the batch size and fm,qi represents the ground truth
computing power.

C. Modeling of Markov Decision Process
Given the CPM, we apply Deep Q-Network (DQN) as the

reinforcement learning framework [17], which combines Q-
learning with deep neural networks to handle large state spaces
and actions, making it particularly advantageous for CPN.
Then, we propose a DQN-based task Scheduling strategy for
Matching degree maximization (DQSM) to effectively address
the problem in (11).

To apply deep reinforcement learning to the task scheduling
in CPN, we need to first formulate our problem as a Markov
Decision Process (MDP), which can be defined by the tuple
M = ⟨St,Xt, r(St,Xt),P⟩, where St is the state space, Xt

is the action, r(St,Xt) is the reward, P is the state transition
function, and are detailed as follows:

• State: The system state St is defined as St =
{b (av,t) ,F ,Y(t)}, which is primarily composed of three
parts including the current task information b (av,t), total
node information set with computing power F and queue
length Y(t).

• Action: The scheduling actions for task is given by Xt =[
xav,t,1, · · · , xav,t,m

]
.

• Reward: The reward function is designed based on
the optimization goal in (11) while satisfying the delay
constraints, which is given by

r(St,Xt) =
∑

m∈M

∑
av,t∈At

xav,t,m

(
ηav,t,m

−ξmax(0, T pro
av,t,m + T trans

av,t,m − rv,t)
)
,

(18)

where ξ is the penalty weight for delay violations.
• State Transition Probability: The state transition prob-

ability P (St+1|St,Xt) is the probability of transitioning
from state St to state S ′

t when taking action Xt, which
is

P (St+1|St,Xt) = Pr{St+1 = S ′
t|St,Xt}. (19)

D. Proposed DQSM Algorithm

The DQN architecture consists of two primary modules:
the main Q-Network and the target Q-Network. The main
Q-Network parameterized by θ is a deep neural network
responsible for approximating the Q-function Q(St,Xt; θ),
which represents the expected cumulative reward of taking
action Xt in state St by combining both immediate and
future rewards, thereby enabling the agent to evaluate the
long-term value of actions in a given state. To ensure the
training stability, the target Q-Network is introduced as a copy
of the main Q-Network, with its parameters θ− periodically
synchronized with θ. The target Q-Network is used to compute
stable target Q-values zt through the Q-function, which is
calculated as

zt = r(St,Xt) + γ max
Xt+1

Q(St+1,Xt+1; θ
−) (20)

where the discount factor γ ∈ (0, 1] indicates the importance
of future rewards relative to current rewards.

Using the target Q-value zt, the main Q-Network is trained
to minimize the temporal difference error, which measures the
difference between the predicted Q-value and the target Q-
value, thus enhancing the agent’s decision-making capabilities.
The temporal difference error is defined as:

L(θ) = E
[
(zt −Q(St,Xt; θ))

2
]
. (21)

Considering the huge and complex optimization space
caused by a large number of tasks and heterogeneous CPN
nodes, we adopt the Boltzmann-based exploration policy
π(St,Xt) =

[
π(St, xav,t,1), · · · , π(St, xav,t,m)

]
with an

adaptive exploration rate to accelerate the convergence rate
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Algorithm 1 Procedure for DQSM
Input: exploration rate ω(t), discount factor γ, replay buffer size

υ, mini-batch size κ, synchronization interval C.
Output: Task scheduling decisions X∗.
1: Initialize main Q-Network with random parameters θ and target

Q-Network with θ− = θ.
2: Initialize replay buffer D with capacity υ.
3: for episode = 0, 1, 2, ... do
4: Initialize random state St.
5: for t = 0, 1, 2, ... do
6: Compute the exploration policy π(St, xav,t,m) using (22)
7: Execute action Xt, and observe reward r and next state

St+1.
8: Store transition (St,Xt,R,St+1) in D.
9: Sample a mini-batch of κ transitions from D.

10: Compute the target Q-values zt.
11: Update θ by minimizing the temporal difference error L(θ).
12: if t mod C == 0 then
13: Synchronize target Q-Network: θ− = θ.
14: end if
15: end for
16: end for
17: Use the trained Q-Network to determine the optimal task schedul-

ing decisions X∗ = argmax
Xt

Q(St,Xt; θ).

18: return Task scheduling decisions X∗.

TABLE I
TYPICAL PARAMETERS OF TASKS

Task Type Computation
Amount

Delay Re-
quirement

Algorithm
Complexity

AI Training [2, 20] PFLOPs [50, 100] s [O(n2), O(n3)]

AI Inference [10, 70] GFLOPs [30, 150] ms [O(n), O(n logn)]

AR/VR [20, 50] EFLOPs [20, 50] ms [O(n logn), O(n2)]

Video Rendering [100, 300] GFLOPs [20, 150] ms [O(n logn), O(n2)]

[18]. The exploration probability π(St, xav,t,m) can be given
by

π(St, xav,t,m) =
e

Q(St,xav,t,m)

ω(t)∑
i∈M

e
Q(St,xav,t,i

)

ω(t)

, (22)

where ω(t) = ω0 · e−ϵt + ωmin represents the exploration
rate, with ω0 represents initial exploration rate, λ is the decay
weight, and ωmin denotes the minimum exploration weight.
The procedure for the proposed DQSM is shown in Algorithm
1.

IV. NUMERICAL EVALUATION

For our simulations, we consider a CPN system compris-
ing 50 devices, generating computing tasks classified into 4
types with typical parameters listed in Table I [19], and 30
CPN nodes for computing, where the hardware information
of each CPN node is categorized into three levels: large-
scale, medium-scale, small-scale, and are randomly initialized
from uniform distributions over the intervals [1400, 1600],
[700, 900], and [400, 600], respectively. The actual computing
power, which acts as training labels, is generated by synthetic
functions. The other parameters used in simulations are listed
in Table II. For CPM comparison, we implement the following
algorithms

TABLE II
SIMULATION PARAMETERS

Parameters Value Parameters Value
B 20 MHz R 100 Mbps
pv [0.5, 1] W σ2 −100 dBm
ρ 0.9 dv,k [50, 200] m

wv,t [10, 100] MB γ 0.95

Fig. 3. CPM accuracy vs. the measurement methods.

• Weighted Sum Measurement: The weighted sum mea-
surement employs fixed weights to aggregate hardware
resources as computing power [9].

• Hierarchical Measurement: The hierarchical measure-
ment employs fixed values to measure computing power
for each layer.

Fig. 3 shows how measurement methods affect the mea-
surement accuracy based on mean absolute percentage error.
The measurement accuracy results are evaluated for four
task types: AI Training, AI Inference, AR/VR, and video
rendering. From Fig. 3, we can see that the proposed CPM
outperforms the hierarchical measurement and weighted sum
measurement in all scenarios, demonstrating its robustness
and adaptability. Specifically, for AR/VR tasks, the proposed
CPM maintains superior accuracy and stability, while the other
methods exhibit poor performance. This is due to the fact that
the proposed method can capture the relationship between
hardware capabilities and task types, thus achieving higher
accuracy.

Fig. 4 shows how measurement methods affect the reward
under varying numbers of tasks. From Fig. 4, we can see
that the proposed CPM measurement improves the reward
by 30.4% over the weighted sum measurement and 128.4%
over the hierarchical measurement. This is due to the fact that
accurate measurement reduces uncertainty in task scheduling,
which ensures more stable scheduling decisions.

Fig. 5 shows how measurement methods and exploration
policies affect the training of the task scheduling process. From
Fig. 5, we can see that the proposed DQN with Boltzmann-
based exploration policy can improve cumulative reward by up
to 9.3% compared with the ϵ-greedy policy. This is due to the
fact that the Boltzmann policy provides targeted exploration
by focusing on potentially optimal actions, in contrast to the
random exploration in the ϵ-greedy policy, thereby acceler-
ating the convergence rate and maximizing the cumulative
reward. From Fig. 5, we can also see that the proposed CPM
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Fig. 4. Task scheduling reward vs. the measurement methods.

Fig. 5. Cumulative reward vs. the explore strategies.

method with the Boltzmann policy demonstrates a 50.3% and
73.2% improvement compared with the weighted sum and
hierarchical-based method, respectively. This is due to the fact
that accurate measurement ensures more efficient exploration
in the training process, thus accelerating the convergence.

V. CONCLUSION

In this paper, we proposed a novel framework for CPM
and task scheduling in heterogeneous CPN. The optimization
problem was formulated to maximize the global matching
degree between computing tasks and CPN nodes while sat-
isfying the diverse constraints through joint CPM and task
scheduling. To solve this problem, we first facilitate accurate
CPM by developing a clustering-based algorithm that can
classify computing tasks into different clusters. Then, we
designed a neural network based CPM model to accurately
measure the computing power of heterogeneous computing
resources. Given the proposed CPM, we formulated the task
scheduling as a Markov Decision Process whose goal is to
maximize the matching degree between computing resources
and tasks. Then, we proposed a deep reinforcement learning-
based scheduling strategy with an adaptive exploration mech-
anism to optimize the convergence rate. Simulation results
showed that the proposed framework can achieve significant
improvements in measurement accuracy, scheduling perfor-
mance, and convergence rate.
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