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TASK SCHEDULING NETWORK TRAINING METHOD BASED 

ON DEEP REINFORCEMENT LEARNING 

[0001] The present application claims priority to Chinese patent application No. 

202211676872.0, entitled “TASK SCHEDULING NETWORK TRAINING METHOD 

BASED ON DEEP REINFORCEMENT LEARNING” and filed with the China National 5 

Intellectual Property Administration on December 26, 2022, which is hereby incorporated by 

reference in its entirety. 

TECHNICAL FIELD 

[0002] The present invention relates to the field of data center task scheduling and, in 

particular, to a task scheduling network training method based on deep reinforcement learning. 10 

BACKGROUND 

[0003] A server cluster and an auxiliary cooling system included in a data center are high 

energy-consuming devices that run continuously. In 2021, the energy consumption of data 

centers nationwide is approximately 216.6 billion kilowatt hours, accounting for 2.6% of the 

national total electricity consumption. Indirect greenhouse gas emissions caused by the 15 

electricity consumption reaches approximately 135 million tons, accounting for approximately 

1.14% of the national carbon emissions. In the past ten years, the overall electricity 

consumption of various data center industries in my country has increased year by year at an 

average annual rate of more than 10%, and the issue of the energy consumption of the data 

center is attracting more and more attention. The “14th Five-Year Plan for the Development of 20 

the Information and Communications Industry” released on November 17, 2021 clearly states 

that it is necessary to increase the green transformation of key areas, such as the data center. 

Therefore, low-carbon and economical operation of the data center is becoming an important 
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direction for data center transformation. 

[0004] The data center includes several servers. During the operation process of the data 

center, the job content received also includes several tasks. Reasonable scheduling of these 

tasks and assigning them to appropriate servers for processing is of great significance in 

reducing the energy consumption of the data center and improving the timeliness of task 5 

processing in the data center. However, the existing task scheduling algorithm usually ignores 

the requirements of low-carbon economic operation of the data center and cannot achieve low-

carbon economic operation of the data center on the basis of ensuring the timeliness of task 

processing. Therefore, the operating costs of the data center remain high. 

[0005] Therefore, the task scheduling algorithm in related technologies cannot achieve low-10 

carbon economic operation of the data center on the basis of ensuring the timeliness of task 

processing. For the problem mentioned above, there is no effective solution proposed yet. 

[0006] The above information disclosed in the background section is only provided to 

enhance understanding of the background of the technology described herein. Therefore, the 

background section may include information that does not form the prior art known to those 15 

skilled in the art. 

SUMMARY 

[0007] Embodiments of the present invention provide a task scheduling network training 

method based on deep reinforcement learning to at least solve the technical problem that a task 

scheduling algorithm in related technologies cannot achieve low-carbon economic operation of 20 

the data center on the basis of ensuring the timeliness of task processing. 

[0008] According to a first aspect of an embodiment of the present invention, a task 

scheduling network training method based on deep reinforcement learning is provided, 

including: acquiring a job to be executed, where the job to be executed includes a plurality of 

tasks; scheduling the plurality of tasks by using a task scheduling network; determining rewards 25 

at a plurality of time steps according to a scheduling result of the task scheduling network, 

where respective reward at each of the time steps includes a carbon reward, an electricity cost 

reward and a task latency reward, the carbon reward represents a carbon emission cost of a data 



 

3 

center at the time step, the electricity cost reward represents an electricity cost of the data center 

at the time step, the task latency reward represents a task latency of the data center at the time 

step; calculating a return 𝐺௧ according to the rewards at the plurality of time steps, where the 

return 𝐺௧ is a cumulative reward from a time step t to the end of a scheduling process; and 

adjusting parameters of the task scheduling network based on a gradient algorithm according 5 

to at least the return 𝐺௧. 

[0009] Further, the determining the rewards at the plurality of time steps according to the 

scheduling result of the task scheduling network includes: for any time step t, calculating the 

reward at the time step t according to a formula 𝑟௧ = −𝑟௧
௖௔௥௕௢௡ − 𝑟௧

௖௢௦௧ − 𝑟௧
ொ௢௦; where 𝑟௧

௖௔௥௕௢௡ 

is a carbon reward at the time step t, 𝑟௧
௖௢௦௧ is an electricity cost reward at the time step t, and 10 

𝑟௧
ொ௢௦ is a task latency reward at the time step t. 

[0010] Further, 𝑟௧
௖௔௥௕௢௡ = −𝑃௧

஽஼ ∙ 𝑒௧ ∙ 𝑝
௖௔௥௕௢௡ , 𝑟௧

௖௢௦௧ = −𝑃௧
஽஼ ∙ 𝑞௧ , 𝑟௧

ொ௢௦
= −∑ ൫𝑇௜

௖௣௨
∙ே

௜ୀଵ

𝑝௖௣௨ + 𝑇௜
ொெ ∙ 𝑝ொெ൯ ; where 𝑃௧

஽஼ = 𝐹(𝑀) + 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ , 𝐹(𝑀) = 𝑀൫𝑃௜ௗ௟௘ + (𝑃𝑈𝐸 −

1) ∙ 𝑃௣௘௔௞൯, 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ = ∑ ൫𝑃௣௘௔௞ − 𝑃௜ௗ௟௘൯
ெ
௜ୀଵ ቂ2𝑈

௜，௧

௖௣௨
− ቀ𝑈

௜，௧

௖௣௨
ቁ
௥

ቃ, 𝑃௧
஽஼ is a power of the 

data center at the time step t, 𝑒௧  is a system carbon emission rate, 𝑝௖௔௥௕௢௡  is a carbon 15 

emission price, 𝑞௧ is an electricity price at the time step t, N is an integer greater than 1, 𝑇௜
௖௣௨ 

is an occupancy rate for CPU resources of a task i, 𝑝௖௣௨ is a price of CPU utilization, 𝑇௜
ொெ 

is an occupancy rate for memory resources of the task i, 𝑝ொெ is a price of memory resource 

utilization, M is the number of servers in the data center, 𝐹(𝑀)  is a static power, 

𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ is a variable power, 𝑃௜ௗ௟௘ is a rated power when a server is idle, 𝑃௣௘௔௞ is a 20 

rated power when the server is fully occupied, an index r is a constant, and PUE is an energy 

efficiency index of the data center. 

[0011] Further, the calculating the return 𝐺௧ according to the rewards at the plurality of 

time steps includes: scaling up or scaling down the rewards at the plurality of time steps to 

obtain a plurality of scaled rewards, where a range of numerical intervals to which the plurality 25 

of scaled rewards belong is narrower than a range of numerical intervals to which the plurality 

of rewards belong; and calculating the return 𝐺௧  according to the plurality of the scaled 
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rewards. 

[0012] Further, the scaling up or scaling down the rewards at the plurality of time steps to 

obtain the plurality of scaled rewards includes: for any time step t, calculating the scaled reward 

𝑟௧
′

 at the time step t according to a formula 𝑟௧
′
= (𝑟௧ − 𝜇)/(𝜎 + 𝜀), where 𝑟௧ is the reward 

at the time step t, μ is updated with an increase of a value of k by a formula 𝜇 ← 𝜇′ +5 

(𝑟 − 𝜇)/𝑘, 𝜎 is updated with an increase of the value of k by a formula 𝜎 ← 𝑠𝑞𝑟𝑡(𝑠/𝑘), 𝑠 

is updated by calculating using a formula 𝑠 ← 𝜎 + ቀ𝑟 − 𝜇′ቁ ∗ (𝑟 − 𝜇), where 𝑘 = 𝑛 − 1, n 

is a serial number of the time step t, in a case where k=0, 𝜇 = 𝑟, 𝜎 = 𝑟, r is a reward obtained 

at a first time step, and in a case serial k is not 0, 𝜇 = 𝜇′. 

[0013] Further, the adjusting the parameters of the task scheduling network based on the 10 

gradient algorithm according to the return 𝐺௧ includes: determining an estimation of a current 

state value; and adjusting the parameters of the task scheduling network based on the gradient 

algorithm according to the return 𝐺௧ and the estimation of the current state value. 

[0014] Further, the adjusting the parameters of the task scheduling network based on the 

gradient algorithm according to the return 𝐺௧  and the estimation of the current state value 15 

includes: iteratively updating a parameter 𝜃 of the task scheduling network using an equation 

𝜃 ← 𝜃 + 𝛼ఏ𝛾௧𝛿
ఇഇగഇ൫௔೟|௦೟，ఏ೟൯

గഇ൫௔೟|௦೟，ఏ೟൯
 , where 𝛼ఏ  is a learning rate of the parameter 𝜃 , 𝛿  is a 

difference between the return 𝐺௧ and the estimation of the current state value, 𝛾௧ is a discount 

factor at the time step t, 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a probability that the task scheduling network takes 

an action a in an s state at the time step t, 𝛻ఏ𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a derivative of 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ 20 

with respect to 𝜃. 

[0015] Further, the determining the estimation of the current state value includes: 

calculating an inner product of a parameter vector 𝑤 and a feature vector 𝑥(𝑠௧) to obtain the 

estimation 𝑣ො൫𝑠௧，𝑤൯ of the current state value; where 𝑥(𝑠௧) is a feature vector of a state at 

the time step t. 25 

[0016] Further, the parameter vector 𝑤  is iteratively updated by a formula 𝑤 ← 𝑤 +

𝛼௪ൣ𝐺௧ − 𝑣ො൫𝑠௧，𝑤൯൧𝛻𝑣ො൫𝑠௧，𝑤൯; where 𝛼௪ is a learning rate of 𝑣ො൫𝑠௧，𝑤൯, and 𝛻𝑣ො൫𝑠௧，𝑤൯ 
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is a derivative of 𝑣ො൫𝑠௧，𝑤൯ with respect to 𝑤. 

[0017] Further, the scheduling the plurality of tasks by using the task scheduling network 

includes: determining a plurality of executable actions, where the actions are used to instruct 

any one of the tasks to be scheduled to any one server for execution; inputting the plurality of 

executable actions into the task scheduling network, and outputting a probability that each of 5 

the executable actions is selected; determining a plurality of scheduling actions from the 

plurality of executable actions according to the probability that each of the executable actions 

is selected; and scheduling the plurality of tasks according to the plurality of scheduling actions. 

[0018] Further, the determining the plurality of executable actions includes: determining 

one or more ready tasks from the plurality of tasks included in the job to be executed, where 10 

the ready tasks include tasks for which there is no parent task, and/or the ready tasks include 

tasks whose parent tasks have been executed, and the parent tasks are tasks that the ready tasks 

depend on when being executed; for each of the ready tasks, determining one or more target 

servers, where the target servers are servers that meet computing resources required by the 

ready tasks; and determining that an action which schedules any one of the ready tasks to any 15 

one of the target servers is one of the executable actions. 

[0019] According to a second aspect of an embodiment of the present invention, a data 

center task scheduling method based on deep reinforcement learning is also provided, including: 

acquiring a job to be scheduled, where the job to be scheduled includes a plurality of tasks to 

be scheduled; and scheduling the plurality of tasks to be scheduled by using a task scheduling 20 

network, where the task scheduling network is trained by using the afore-mentioned task 

scheduling network training method based on deep reinforcement learning. 

[0020] According to a third aspect of an embodiment of the present invention, a readable 

storage medium is also provided, on which computer instructions are stored, where when the 

computer instructions are executed by the processor, the afore-mentioned task scheduling 25 

network training method based on deep reinforcement learning is implemented; or when the 

computer instructions are executed by the processor, the afore-mentioned data center task 

scheduling method based on deep reinforcement learning is implemented. 

[0021] According to a fourth aspect of the embodiment of the present invention, a terminal 
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device is provided. The terminal device includes a memory and a processor, where the memory 

has computer instructions stored thereon, and when the computer instructions are executed by 

the processor, the afore-mentioned task scheduling network training method based on deep 

reinforcement learning is implemented; or when the computer instructions are executed by the 

processor, the afore-mentioned data center task scheduling method based on deep reinforcement 5 

learning is implemented. 

[0022] The task scheduling network training method based on deep reinforcement learning 

of the embodiment of the present invention, includes: acquiring a job to be executed, where the 

job to be executed includes a plurality of tasks; scheduling the plurality of tasks by using a task 

scheduling network; determining rewards at a plurality of time steps according to a scheduling 10 

result of the task scheduling network, where respective reward at each of the time steps includes 

a carbon reward, an electricity cost reward and a task latency reward, the carbon reward 

represents a carbon emission cost of a data center at the time step, the electricity cost reward 

represents an electricity cost of the data center at the time step, the task latency reward 

represents a task latency of the data center at the time step; calculating a return 𝐺௧ according 15 

to the rewards at the plurality of time steps, where the return 𝐺௧ is a cumulative reward from 

a time step t to the end of a scheduling process; and adjusting parameters of the task scheduling 

network based on a gradient algorithm according to at least the return 𝐺௧. In the process of 

deep reinforcement training of the task scheduling network, after the scheduling network 

performs the scheduling operation on the plurality of tasks, the rewards at the plurality of time 20 

steps are calculated, and the return 𝐺௧ in the entire scheduling process are calculated, and then 

the parameters of the task scheduling network are adjusted based on the gradient algorithm 

(such as gradient ascent or gradient descent) according to the return 𝐺௧ . During the task 

scheduling network training process, corresponding reward will be established at each of the 

time steps, and the reward at each of the time steps include a carbon reward, an electricity cost 25 

reward and a task latency reward. The cumulative reward at the plurality of time steps is 

calculated, the return 𝐺௧ is obtained, and the task scheduling network is trained based on the 

gradient algorithm according to the return 𝐺௧ . Since during the task scheduling network 

training process, three reward items, namely the carbon reward, the electricity cost reward and 

the task latency reward, are introduced for the reward at each of the time steps, the carbon 30 
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emission cost, electricity cost and task latency situation of the entire task execution process will 

be considered during the training process, which makes the data center scheduling process to 

be optimized in the direction of low carbon, economy, and low latency, thereby making the 

trained task scheduling network enable the data center to achieve low-carbon economic 

operation on the basis of ensuring low latency, and solving the technical problem that a task 5 

scheduling algorithm in related technologies cannot achieve low-carbon economic operation of 

the data center on the basis of ensuring the timeliness of task processing. 

BRIEF DESCRIPTION OF DRAWINGS 

[0023] The drawings described herein are used to provide further understanding of the 

present invention and constitute a part of the present application. The illustrative embodiments 10 

of the present invention and their descriptions are intended to explain the present invention and 

do not constitute improper limitations on the present invention. In the drawings: 

[0024] FIG. 1 is a schematic flowchart of a task scheduling network training method based 

on deep reinforcement learning according to an embodiment of the present invention. 

[0025] FIG. 2 is a schematic diagram of a task scheduling network training apparatus based 15 

on deep reinforcement learning according to an embodiment of the present invention. 

[0026] FIG. 3 is a schematic flowchart of a task scheduling network training method based 

on deep reinforcement learning according to an embodiment of the present invention, which 

scales up or scaling down rewards at a plurality of time steps to obtain a plurality of scaled 

rewards. 20 

[0027] FIG. 4 is a schematic diagram of a process of task scheduling network training using 

a task scheduling network training method based on deep reinforcement learning according to 

an embodiment of the present invention. 

DESCRIPTION OF EMBODIMENTS 

[0028] In order to enable those skilled in the art to understand solutions of the present 25 

invention better, the technical solutions in the embodiments of the present invention will be 
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described clearly and completely below in conjunction with the drawings in the embodiments 

of the present invention. Obviously, the described embodiments are part of the embodiments of 

the present invention, rather than all of the embodiments. Based on the embodiments in the 

present invention, all other embodiments obtained by those of ordinary skill in the art without 

creative work shall belong to the protection scope of the present invention. 5 

[0029] It should be noted that the terms “first”, “second”, and the like in the specification, 

claims, and the above-mentioned drawings of the present invention are used to distinguish 

different objects, and are not necessarily used to describe a specific order. 

[0030] FIG. 1 is a task scheduling network training method based on deep reinforcement 

learning according to an embodiment of the present invention. A task scheduling network is 10 

used to schedule tasks of a data center. The scheduling is to assign the tasks to a server for 

processing. When a task is scheduled to a server by the task scheduling network, the server 

performs calculation on the task. The task scheduling network training method based on deep 

reinforcement learning according to the embodiment of the present invention is used to train 

the above-mentioned task scheduling network. As shown in FIG. 1, the method includes the 15 

following steps: 

step S102, acquire a job to be executed, where the job to be executed includes a 

plurality of tasks; 

step S104, schedule the plurality of tasks by using a task scheduling network; 

step S106, determine rewards at a plurality of time steps according to a scheduling 20 

result of the task scheduling network, where respective reward at each of the time steps includes 

a carbon reward, an electricity cost reward and a task latency reward, the carbon reward 

represents a carbon emission cost of a data center at the time step, the electricity cost reward 

represents an electricity cost of the data center at the time step, the task latency reward 

represents a task latency of the data center at the time step; 25 

step S108, calculate a return 𝐺௧ according to the rewards at the plurality of time 

steps, where the return 𝐺௧ is a cumulative reward from a time step t to the end of a scheduling 

process; and 

step S110, adjust parameters of the task scheduling network based on a gradient 

algorithm according to at least the return 𝐺௧. 30 
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[0031] The task scheduling network training method based on deep reinforcement learning 

of the embodiment of the present invention, includes: acquiring a job to be executed, where the 

job to be executed includes a plurality of tasks; scheduling the plurality of tasks by using a task 

scheduling network; determining rewards at a plurality of time steps according to a scheduling 

result of the task scheduling network, where respective reward at each of the time steps includes 5 

a carbon reward, an electricity cost reward and a task latency reward, the carbon reward 

represents a carbon emission cost of a data center at the time step, the electricity cost reward 

represents an electricity cost of the data center at the time step, the task latency reward 

represents a task latency of the data center at the time step, where the time step is a time 

point/moment; calculating a return 𝐺௧ according to the rewards at the plurality of time steps, 10 

where the return 𝐺௧ is a cumulative reward from a time step t to the end of a scheduling process; 

and adjusting parameters of the task scheduling network based on a gradient algorithm 

according to at least the return 𝐺௧. In the process of deep reinforcement training of the task 

scheduling network, after the scheduling network performs the scheduling operation on the 

plurality of tasks, the rewards at the plurality of time steps are calculated, and the return 𝐺௧ in 15 

the entire scheduling process are calculated, and then the parameters of the task scheduling 

network are adjusted based on the gradient algorithm (such as gradient ascent or gradient 

descent) according to the return 𝐺௧. That is to say, during the task scheduling network training 

process, corresponding reward will be established at each of the time steps, and the reward at 

each of the time steps include a carbon reward, an electricity cost reward and a task latency 20 

reward. The cumulative reward at the plurality of time steps is calculated, the return 𝐺௧ is 

obtained, and the task scheduling network is trained based on the gradient algorithm according 

to the return 𝐺௧. Since during the task scheduling network training process, three reward items, 

namely the carbon reward, the electricity cost reward and the task latency reward, are 

introduced for the reward at each of the time steps, the carbon emission cost, electricity cost 25 

and task latency situation of the entire task execution process will be considered during the 

training process, which makes the data center scheduling process to be optimized in the 

direction of low carbon, economy, and low latency, thereby making the trained task scheduling 

network enable the data center to achieve low-carbon economic operation on the basis of 

ensuring low latency, and solving the technical problem that a task scheduling algorithm in 30 
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related technologies cannot achieve low-carbon economic operation of the data center on the 

basis of ensuring the timeliness of task processing. 

[0032] That is to say, during the above-mentioned scheduling network training process, the 

reward at each of the time steps will be recorded into three parts: a carbon reward, an electricity 

cost reward and a task latency reward. The carbon reward represents a carbon emission cost of 5 

the data center at the time step. The data center’s power consumption will generate the carbon 

emission cost, and the carbon reward is a reward item used to represent the carbon emission 

cost. Similarly, the data center will cause an electricity cost when running, and the electricity 

cost reward is a reward item used to represent the electricity cost. In addition, the embodiment 

of the present invention also introduces a reward item of task latency reward. The task delay 10 

reward is used to represent task latency of the data center at the corresponding time step. The 

greater the latency caused by the data center when processing tasks at a certain time step, the 

greater the task latency reward. By incorporating these three into calculation of the reward and 

calculation of the total return 𝐺௧, the afore-mentioned three parts of the data center’s operating 

costs can be optimized during the task scheduling network training process, which is conducive 15 

to the data center reducing an electricity expense and a carbon emission expense on the basis 

of ensuring the quality of service (QOS), and achieving the goal of low-carbon economic 

operation of the data center. 

[0033] By applying deep reinforcement learning to the task scheduling network training, 

the task scheduling network can interact with the surrounding environment based on specific 20 

scheduling actions. Under the action and the environment, the state of the scheduling network 

will change, and the environment will give a return (reward). As the cycle continues, the task 

scheduling network continuously interacts with the environment to generate a lot of data. The 

reinforcement learning algorithm uses the generated data to modify the parameters of the task 

scheduling network itself, then interacts with the environment to generate new data, and uses 25 

the new data to further improve its own behavior. After several iterative learning, the scheduling 

policy network can learn better task scheduling policies and realize intelligent task scheduling. 

[0034] The return 𝐺௧  is a cumulative reward from the time step t to the end of the 

scheduling process, which is obtained by the accumulation of the rewards during the entire task 

scheduling process. In the actual accumulation process of the rewards at the plurality of time 30 
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steps, rewards at different time steps can have different weights. For example, the return 𝐺௧ 

can be calculated through a formula 𝐺௧ = 𝑟௧ + 𝛾𝑟௧ାଵ +∙∙∙ +𝛾
்ିଵି௧𝑟  . 𝛾 ∈ [0,1] , 𝛾  is a 

discount factor that measures importance of current and future rewards. In a preferred 

embodiment, the current reward and the future reward are equally important, at this time 𝛾 =

1. 5 

[0035] In a specific embodiment, the determining the rewards at the plurality of time steps 

according to the scheduling result of the task scheduling network includes: for any time step t, 

calculating the reward at the time step t according to a formula 𝑟௧ = −𝑟௧
௖௔௥௕௢௡ − 𝑟௧

௖௢௦௧ − 𝑟௧
ொ௢௦; 

where 𝑟௧
௖௔௥௕௢௡ is a carbon reward at the time step t, 𝑟௧

௖௢௦௧ is an electricity cost reward at the 

time step t, and 𝑟௧
ொ௢௦ is a task latency reward at the time step t. 10 

[0036] In this embodiment, for any time step t, the reward consists of three parts, namely, 

𝑟௧
௖௔௥௕௢௡, 𝑟௧

௖௢௦௧ and 𝑟௧
ொ௢௦, the reward is the cost. Since the lower the cost, the better, and thus a 

negative reward is adopted. The reward of the final time step t is calculated in the form of a 

sum of negative values of the afore-mentioned three parts of the reward, where 𝑟௧
௖௔௥௕௢௡ is the 

carbon emission cost at the time step t, 𝑟௧
௖௢௦௧ is the electricity cost at the time step t, 𝑟௧

ொ௢௦ is 15 

the task latency situation at the time step t, and the task latency situation represents the latency 

situation of at least one of the tasks at the time step t. By adopting the reward calculation form, 

carbon emission costs, electricity costs, and task delays are included in the reward range. In the 

subsequent task scheduling network training process based on the gradient algorithm, the task 

scheduling network can be optimized in the direction of minimizing operating costs. The 20 

operating costs here take the carbon emission cost, the electricity cost, and the task latency 

situation into account. In the process of task scheduling, the finally trained task scheduling 

network can reduce the carbon emission cost and electricity cost while ensuring small task 

latency. 

[0037] In order to calculate the afore-mentioned three parts of the rewards more accurately, 25 

in this embodiment, 𝑟௧
௖௔௥௕௢௡ = −𝑃௧

஽஼ ∙ 𝑒௧ ∙ 𝑝
௖௔௥௕௢௡ , 𝑟௧

௖௢௦௧ = −𝑃௧
஽஼ ∙ 𝑞௧ , 𝑟௧

ொ௢௦
=

−∑ ൫𝑇௜
௖௣௨

∙ 𝑝௖௣௨ + 𝑇௜
ொெ ∙ 𝑝ொெ൯ே

௜ୀଵ  ; where, 𝑃௧
஽஼ = 𝐹(𝑀) + 𝑉௧൫𝑈௧

௖௣௨
，𝑀൯ , 𝐹(𝑀) =
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𝑀൫𝑃௜ௗ௟௘ + (𝑃𝑈𝐸 − 1) ∙ 𝑃௣௘௔௞൯, 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ = ∑ ൫𝑃௣௘௔௞ − 𝑃௜ௗ௟௘൯
ெ
௜ୀଵ ቂ2𝑈

௜，௧

௖௣௨
− ቀ𝑈

௜，௧

௖௣௨
ቁ
௥

ቃ. 

[0038] 𝑃௧
஽஼ is a power of the data center at the time step t, and 𝑒௧ is a system carbon 

emission rate. The carbon emissions of coal power, wind power, photovoltaic power generation, 

etc. are different. Therefore, the proportion of various power generation forms in the real-time 

consumption of power by the power system is different, and the system carbon emission rate is 5 

also different. For example, a unit of the system carbon emission rate can be tCO2/MWh, 

𝑝௖௔௥௕௢௡  is a carbon emission price at the time step t, the unit can be yuan/tCO2, 𝑞௧  is an 

electricity price at the time step t, the unit can be yuan/Mwh, N is an integer greater than 1, 

𝑇௜
௖௣௨ is an occupancy rate for CPU sources of task i, and 𝑝௖௣௨ is the CPU usage price. For 

example, the user uses the server in the data center, and is charged according to the usage of the 10 

server CPU. The unit of the price of CPU usage can be yuan/second, 𝑇௜
ொெ is an occupancy 

rate for memory sources of the task i, 𝑝ொெ is a price of memory resource utilization and the 

unit can be yuan/second, M is the number of servers in the data center, 𝐹(𝑀) is a static power, 

𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ is a variable power, 𝑃௜ௗ௟௘ is a rated power when a server is idle, 𝑃௣௘௔௞ is a 

rated power when the server is fully occupied, an index r is a constant, and PUE is an energy 15 

efficiency index of the data center. In this embodiment, the carbon emission cost is calculated 

using a formula 𝑟௧
௖௔௥௕௢௡ = −𝑃௧

஽஼ ∙ 𝑒௧ ∙ 𝑝
௖௔௥௕௢௡, where 𝑃௧

஽஼ is the power of the data center at 

the time step t, 𝑒௧ is the system carbon emission rate, and 𝑝௖௔௥௕௢௡ is the carbon emission 

price. The formula 𝑟௧
௖௢௦௧ = −𝑃௧

஽஼ ∙ 𝑞௧ is used to calculate the electricity cost, where 𝑞௧ is the 

electricity price at the time step t, and the formula 𝑟௧
ொ௢௦

= −∑ ൫𝑇௜
௖௣௨

∙ 𝑝௖௣௨ + 𝑇௜
ொெ ∙ே

௜ୀଵ20 

𝑝ொெ൯  is used to calculate the task latency situation. This calculation method can achieve 

objective and accurate calculation of these three parts of costs, which will help improve the 

training effect of the subsequent task scheduling network. 

[0039] In the process of task scheduling network training based on deep reinforcement 

learning, there is a problem that the task scheduling network does not converge or the 25 

convergence speed is slow. In order to solve the technical problem, in this embodiment, the 

calculating the return 𝐺௧  according to the rewards at the plurality of time steps includes: 

scaling up or scaling down the rewards at the plurality of time steps to obtain a plurality of 
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scaled rewards, where a range of numerical intervals to which the plurality of scaled rewards 

belong is narrower than a range of numerical intervals to which the plurality of rewards belong; 

and calculating the return 𝐺௧ according to the plurality of the scaled rewards, where the return 

is a cumulative reward from the time step t to the end of the scheduling process. After research, 

the applicant found that the reason for slow or no convergence during the task scheduling 5 

network training based on deep reinforcement learning was due to large fluctuations in the 

reward calculation process, which affected the convergence of the training process. In this 

embodiment, after the rewards at the plurality of time steps are determined, these rewards are 

scaled up or scaled down to obtain a plurality of scaled rewards, and the range of numerical 

intervals to which the plurality of scaled rewards belong is narrower than the range of numerical 10 

intervals to which the plurality of rewards belong. Then the return 𝐺௧ is calculated according 

to the plurality of scaled rewards, and the parameters of the task scheduling network are 

adjusted based on the gradient algorithm according to the specific training needs, at least 

according to the return 𝐺௧. In the process of training the task scheduling network using this 

training method, the parameters of the task scheduling network will not be adjusted directly 15 

based on the reward at each of the time steps. Instead, the plurality of rewards will be scaled up 

or down to obtain the plurality of scaled rewards, and then the return 𝐺௧ will be calculated 

based on the scaled rewards, and then the parameters will be adjusted based on the gradient 

algorithm. In this process, by scaling up or down the rewards at the plurality of time steps, the 

scaled rewards are distributed in a smaller numerical range, which improves the stability of the 20 

reward distribution and can reduce or even avoid the situation where the rewards at some time 

steps fluctuate greatly relative to at other time steps. Therefore, the convergence speed of the 

task scheduling network is accelerated, the training effect is improved, and the problem of non-

convergence or slow convergence during the training process of the task scheduling network is 

solved. 25 

[0040] In this embodiment, in order to improve the effect of reward scaling and make the 

scaled reward more reliable and effective for the training of the task scheduling network, the 

calculation method of the scaled reward 𝑟௧
ᇱ  is to divide the reward 𝑟௧  by the standard 

deviation of the sum of rolling discounts of 𝑟௧. That is, the scaling up or scaling down the 

rewards at the plurality of time steps to obtain the plurality of scaled rewards includes: for any 30 
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time step t, calculating the scaled reward 𝑟௧
′

 at the time step t according to a formula 𝑟௧
′
=

(𝑟௧ − 𝜇)/(𝜎 + 𝜀), where 𝑟௧ is the reward at the time step t, μ is updated with an increase of 

a value of k by a formula 𝜇 ← 𝜇′ + (𝑟 − 𝜇)/𝑘, 𝜎 is updated with an increase of the value of 

k by a formula 𝜎 ← 𝑠𝑞𝑟𝑡(𝑠/𝑘) , 𝑠  is updated by calculating using a formula 𝑠 ← 𝜎 +

ቀ𝑟 − 𝜇′ቁ ∗ (𝑟 − 𝜇), where 𝑘 = 𝑛 − 1, n is a serial number of the time step t, in a case where 5 

k=0, 𝜇 = 𝑟, 𝜎 = 𝑟, r is a reward obtained at a first time step, and in a case serial k is not 0, 

𝜇 = 𝜇′ . In this way, the problem of excessive or too small rewards at some time steps is 

eliminated, and the scaled rewards 𝑟௧
ᇱ  obtained after being scaled can also objectively and 

accurately represent the reward situation, thereby providing a basis for model optimization, 

which is conducive to improving the training effect of the task scheduling network and 10 

accelerating the convergence of the training process. The reward scaling process is explained 

more clearly below in conjunction with FIG. 3. FIG. 3 is a schematic flowchart of a task 

scheduling network training method based on deep reinforcement learning according to an 

embodiment of the present invention, which scales up or scaling down rewards at a plurality of 

time steps to obtain a plurality of scaled rewards. As shown in FIG. 3, in the initial state, the 15 

value of k is 0. After the reward 𝑟௧ at the current time step t is obtained, the average value 𝜇 

is updated using the formula 𝜇 ← 𝜇ᇱ + (𝑟 − 𝜇)/𝑘 , and the standard deviation 𝜎  of the 

rewards is updated using the formula 𝜎 ← 𝑠𝑞𝑟𝑡(𝑠/𝑘) . The 𝑠  is updated using the formula 

𝑠 ← 𝜎 + (𝑟 − 𝜇ᇱ) ∗ (𝑟 − 𝜇) , and the value of k is increased by 1. The scaled reward 𝑟௧
ᇱ  is 

calculated and returned according to the formula 𝑟௧
ᇱ = (𝑟௧ − 𝜇)/(𝜎 + 𝜀) . When all task 20 

scheduling of the job to be executed is completed, the afore-mentioned scaled reward 

calculation process also ends. 

[0041] In addition, the applicant also found that during the actual training process of the 

task scheduling network, if the number of the return 𝐺௧ is large and the difference between 

good returns and bad returns is small, during the process of updating the parameters of the task 25 

scheduling network, the difference will be difficult to distinguish, which will have an adverse 

impact on the training process and lead to non-convergence or slow convergence. For example, 

𝐺௧ is a value in the order of millions, good returns and bad returns correspond to 1 million plus 
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5 and 1 million minus 5 respectively. The difference between the two 𝐺௧  is not easy to 

distinguish. During the parameter update process, after performing some operations on these 

two 𝐺௧ , the changes in the updated parameters will be minimal, which will also cause the 

training process to not converge or converge slowly. 

[0042] In order to solve this technical problem, the adjusting the parameters of the task 5 

scheduling network based on the gradient algorithm according to the return 𝐺௧  includes: 

determining an estimation of a current state value; and adjusting the parameters of the task 

scheduling network based on the gradient algorithm according to the return 𝐺௧  and the 

estimation of the current state value. In this embodiment, the parameters of the policy network 

are adjusted by introducing the estimation of the current state value and combining the return 10 

𝐺௧ and the estimation of the current state value. At this time, the estimation of the current state 

value can be used as a reference base to assist in the adjustment of the parameters of the task 

scheduling network, which can accelerate the convergence of the training process. 

[0043] In a specific embodiment, the adjusting the parameters of the task scheduling 

network based on the gradient algorithm according to the return 𝐺௧ and the estimation of the 15 

current state value includes: 

iteratively updating a parameter 𝜃 of the task scheduling network using an equation 

𝜃 ← 𝜃 + 𝛼ఏ𝛾௧𝛿
ఇഇగഇ൫௔೟|௦೟，ఏ೟൯

గഇ൫௔೟|௦೟，ఏ೟൯
. 

[0044] 𝛼ఏ is a learning rate of the parameter 𝜃, 𝛿 is a difference between the return 𝐺௧ 

and the estimation of the current state value, 𝛾௧  is a discount factor at the time step t, 20 

𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a probability that the task scheduling network takes an action a in an s state 

at the time step t, 𝛻ఏ𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a derivative of 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ with respect to 𝜃. In 

this embodiment, the afore-mentioned equation is used to determine the parameter 𝜃 of the 

task scheduling network, where 𝛿 is the difference between the return 𝐺௧ and the estimation 

of the current state value. By using 𝛿 instead of 𝐺௧, 𝛿 can more clearly represent how much 25 

better or worse the scheduling result is than the previous average, thereby helping the task 

scheduling network to optimize parameters. For ease of understanding, this can be easily 

understood as: when a direction of a policy that works well is found, zoom in a little more in 

that direction. That is, the possibility of good things is increased, and the possibility of bad 
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things is reduced, thereby solving the problem of non-convergence or slow convergence in the 

task scheduling network training process. As mentioned above, during the training process, the 

change of 𝐺௧  may be very large. For example, 𝐺௧  is a value in the order of millions, 𝐺௧ 

produced by a better scheduling policy is 1 million plus 5, and 𝐺௧ produced by a relatively 

poor scheduling policy is 1 million minus 5. The difference in this order of magnitude is very 5 

small (the difference between 1000005 and 999995 is small), and after multiplying by the 

learning rate, it will be difficult to distinguish between the two. By introducing an estimation 

of the state value, the difference between the return 𝐺௧ and the estimation of the current state 

value can be used to increase the degree of discrimination between the two. For example, 

subtract 1 million from both to get 5 and -5. The difference between the two is more obvious, 10 

which is more beneficial to the training process, and helps the policy network learn the 

scheduling policy. 

[0045] In this embodiment, the determining the estimation of the current state value 

includes: calculating an inner product of a parameter vector 𝑤 and a feature vector 𝑥(𝑠௧) to 

obtain the estimation 𝑣ො൫𝑠௧，𝑤൯ of the current state value; where 𝑥(𝑠௧) is a feature vector of 15 

a state at the time step t. Using the value function approximation 𝑣ො൫𝑠௧，𝑤൯ as the current state 

value can facilitate the estimation of the current state value. Specifically, the estimation 

𝑣ො൫𝑠௧，𝑤൯ of the current state value can be calculated by an inner product of the parameter 

vector 𝑤 and the feature vector 𝑥(𝑠௧), where there is a feature vector for the state 𝑠௧ at each 

time step t. In a specific embodiment, the feature vector is 𝑥(𝑠௧) = ቀ𝑥ଵ(𝑠௧)，𝑥ଶ(𝑠௧)…，20 

𝑥ெା௠ାଵ(𝑠௧)ቁ. 

[0046] In this embodiment, in order to ensure the accuracy of the current state value 

estimation, the parameter vector 𝑤  will be updated together with 𝜃 . Specifically, the 

parameter vector 𝑤  is iteratively updated by a formula 𝑤 ← 𝑤 + 𝛼௪ൣ𝐺௧ −

𝑣ො൫𝑠௧，𝑤൯൧𝛻𝑣ො൫𝑠௧，𝑤൯ ; where 𝛼௪  is a learning rate of 𝑣ො൫𝑠௧，𝑤൯ , and 𝛻𝑣ො൫𝑠௧，𝑤൯  is a 25 

derivative of 𝑣ො൫𝑠௧，𝑤൯ with respect to 𝑤. 

[0047] The scheduling the plurality of tasks by using the task scheduling network includes: 
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determining a plurality of executable actions, where the actions are used to instruct any one of 

the tasks to be scheduled to any one server for execution; inputting the plurality of executable 

actions into the task scheduling network, and outputting a probability that each of the executable 

actions is selected; determining a plurality of scheduling actions from the plurality of executable 

actions according to the probability that each of the executable actions is selected; and 5 

scheduling the plurality of tasks according to the plurality of scheduling actions. In the process 

of using the task scheduling network to schedule the plurality of tasks, the plurality of 

executable actions are determined. The action is to assign a task to a server at a certain time 

step, which is used to instruct any task to be scheduled to any server for execution. For example, 

the action 𝑎௧൫𝜑௜，𝑠௝൯ is an executable action, which is to assign the task 𝜑௜ to the server 𝑠௝ 10 

for processing. After determining the plurality of executable actions, the plurality of executable 

actions will be input into the task scheduling network to output the probability of each 

executable action being selected. That is to say, the task scheduling network outputs a 

probability. The greater the probability, the more likely the corresponding task scheduling 

network is to select the action. Based on the probability output by the task scheduling network, 15 

the scheduling action can be selected from the afore-mentioned executable actions, and the task 

scheduling is performed according to the scheduling action. 

[0048] In this embodiment, how to determine the plurality of executable actions is 

explained. The determining the plurality of executable actions includes: determining one or 

more ready tasks from the plurality of tasks included in the job to be executed, where the ready 20 

tasks include tasks for which there is no parent task, and/or the ready tasks include tasks whose 

parent tasks have been executed, and the parent tasks are tasks that the ready tasks depend on 

when being executed; for each of the ready tasks, determining one or more target servers, where 

the target servers are servers that meet computing resources required by the ready tasks; and 

determining that an action which schedules any one of the ready tasks to any one of the target 25 

servers is one of the executable actions. 

[0049] In the afore-mentioned process of determining the plurality of executable actions, 

the determination will be based on inter-task dependencies and the task’s requirements for 

computing resources. Specifically, one or more ready tasks will be determined from the 
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plurality of tasks, where the ready tasks include the tasks for which there is no parent task, 

and/or the ready tasks include the tasks whose parent tasks have been executed, and the parent 

tasks are tasks that the ready tasks depend on when being executed. For each ready task, a 

corresponding target server will be determined. The target server needs to meet the computing 

resource requirements of the ready task. For example, if 10 servers can meet the computing 5 

resources required by a ready task, these 10 servers are all target servers, and the action of 

scheduling the ready task to any one of these 10 servers is an executable action. In this way, 

during the task scheduling process, the dependencies between tasks and the tasks’ requirements 

for computing resources can be fully considered, which is beneficial to improving the rationality 

of task scheduling. 10 

[0050] In some implementation scenarios, the input dimension of the task scheduling 

network is fixed, and the number of arriving tasks is positional, that is, the number of tasks is 

changing. At this time, in order to smoothly implement the training of the task scheduling 

network, in this embodiment, determining the one or more ready tasks from the plurality of 

tasks included in the job to be executed includes: determining a front preset number of ready 15 

tasks from the plurality of tasks included in the job to be executed according to a task 

arrangement order. That is to say, the front preset number of ready tasks are determined from 

the plurality of tasks included in the job to be executed according to the task arrangement order. 

In other words, the task scheduling network observes a fixed number of ready tasks during each 

scheduling process, thereby ensuring that the input dimension is fixed and saving computing 20 

overhead. 

[0051] The task scheduling network training method based on deep reinforcement learning 

according to the embodiment of the present invention will be described below with reference 

to FIG. 4. FIG. 4 is a schematic diagram of a process of task scheduling network training using 

a task scheduling network training method based on deep reinforcement learning according to 25 

an embodiment of the present invention. As shown in FIG. 4, at the beginning of training, a 

policy network 𝜋൫𝑎|𝑠，𝜃൯ and an estimation 𝑣ො൫𝑠௧，𝑤൯ of the state value will be initialized, 

where the policy network is the afore-mentioned task scheduling network, and parameters N୧, 

Nୣ, m, α, α୵, etc. N୧ is the number of iterations in the training process of the task scheduling 
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network, Nୣ is the number of iteration rounds, m is the number of tasks observed in the job to 

be executed, 𝛼 is the learning rate of the parameter 𝜃, 𝛼௪ is the learning rate of 𝑣ො൫𝑠௧，𝑤൯, 

and some relevant data is input into the task scheduling network, such as task information of 

the job to be executed, electricity price, carbon emission rate, etc. Afterwards, the ready task 

will be obtained from the waiting task. As mentioned above, the ready task includes a task for 5 

which there is no the parent task, and/or the ready task includes a task whose parent task has 

been executed. For each ready task, the corresponding executable action (i.e., feasible action) 

is determined, and then the task scheduling network calculates the probability of each 

executable action being selected, and then outputs a better action based on the probability and 

makes a task scheduling decision. Until there is no executable action or the better action is no 10 

action, the entire task scheduling process is completed. At this time, the reward 𝑟௧ at each time 

step t can be acquired and scaled to obtain the plurality of scaled rewards 𝑟௧
ᇱ. After the scaled 

rewards at all time steps are calculated, the return 𝐺௧ can be calculated based on the scaled 

rewards of the plurality of time steps. When the number of simulation scheduling processes 

reaches 𝐺௧, iterative optimization will be performed to update the estimation 𝑣ො൫𝑠௧，𝑤൯ of the 15 

state value and the parameter 𝜃 of the policy network 𝜃. 

[0052] Secondly, as shown in FIG. 2, an embodiment of the present invention also provides 

a task scheduling network training device based on deep reinforcement learning, including: an 

acquiring unit, configured to acquire a job to be executed, where the job to be executed includes 

a plurality of tasks; a scheduling unit, configured to schedule the plurality of tasks by using a 20 

task scheduling network; a determining unit, configured to determine rewards at a plurality of 

time steps according to a scheduling result of the task scheduling network, where respective 

reward at each of the time steps includes a carbon reward, an electricity cost reward and a task 

latency reward, the carbon reward represents a carbon emission cost of a data center at the time 

step, the electricity cost reward represents an electricity cost of the data center at the time step, 25 

the task latency reward represents a task latency of the data center at the time step; a calculating 

unit, configured to calculate a return 𝐺௧ according to the rewards at the plurality of time steps, 

where the return 𝐺௧ is a cumulative reward from a time step t to the end of a scheduling process; 

and an adjusting unit, configured to adjust parameters of the task scheduling network based on 
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a gradient algorithm according to at least the return 𝐺௧. 

[0053] For the task scheduling network training device based on deep reinforcement 

learning in such setting, after the acquiring unit acquires a job to be executed, where the job to 

be executed includes a plurality of tasks; the scheduling unit schedules the plurality of tasks by 

using a task scheduling network; the determining unit determines rewards at a plurality of time 5 

steps according to a scheduling result of the task scheduling network, where respective reward 

at each of the time steps includes a carbon reward, an electricity cost reward and a task latency 

reward, the carbon reward represents a carbon emission cost of a data center at the time step, 

the electricity cost reward represents an electricity cost of the data center at the time step, the 

task latency reward represents a task latency of the data center at the time step; the calculating 10 

unit calculates a return 𝐺௧ according to the rewards at the plurality of time steps, where the 

return 𝐺௧ is a cumulative reward from a time step t to the end of a scheduling process; and 

finally the adjusting unit adjusts parameters of the task scheduling network based on a gradient 

algorithm according to at least the return 𝐺௧. In the process of deep reinforcement training of 

the task scheduling network, after the scheduling network performs the scheduling operation 15 

on the plurality of tasks, the rewards at the plurality of time steps are calculated, and the return 

𝐺௧  in the entire scheduling process are calculated, and then the parameters of the task 

scheduling network are adjusted based on the gradient algorithm (such as gradient ascent or 

gradient descent) according to the return 𝐺௧, where the reward at each of the time steps include 

a carbon reward, an electricity cost reward and a task latency reward. In this way, during the 20 

task scheduling network training process, the carbon emission cost, electricity cost and task 

latency situation of the entire task execution process will be considered during the training 

process, which makes the data center scheduling process to be optimized in the direction of low 

carbon, economy, and low latency, thereby solving the technical problem of high data center 

operating costs in related technologies. 25 

[0054] In a preferred embodiment, the determining unit is configured to: for any time step 

t, calculate the reward at the time step t according to a formula 𝑟௧ = −𝑟௧
௖௔௥௕௢௡ − 𝑟௧

௖௢௦௧ − 𝑟௧
ொ௢௦; 

where 𝑟௧
௖௔௥௕௢௡ is a carbon reward at the time step t, 𝑟௧

௖௢௦௧ is an electricity cost reward at the 

time step t, and 𝑟௧
ொ௢௦ is a task latency reward at the time step t. 



 

21 

[0055] 𝑟௧
௖௔௥௕௢௡ = −𝑃௧

஽஼ ∙ 𝑒௧ ∙ 𝑝
௖௔௥௕௢௡ , 𝑟௧

௖௢௦௧ = −𝑃௧
஽஼ ∙ 𝑞௧ , 𝑟௧

ொ௢௦
= −∑ ൫𝑇௜

௖௣௨
∙ 𝑝௖௣௨ +ே

௜ୀଵ

𝑇௜
ொெ ∙ 𝑝ொெ൯ ; where 𝑃௧

஽஼ = 𝐹(𝑀) + 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ , 𝐹(𝑀) = 𝑀൫𝑃௜ௗ௟௘ + (𝑃𝑈𝐸 − 1) ∙

𝑃௣௘௔௞൯, 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ = ∑ ൫𝑃௣௘௔௞ − 𝑃௜ௗ௟௘൯
ெ
௜ୀଵ ቂ2𝑈

௜，௧

௖௣௨
− ቀ𝑈

௜，௧

௖௣௨
ቁ
௥

ቃ. 

[0056] 𝑃௧
஽஼ is a power of the data center at the time step t, 𝑒௧ is a system carbon emission 

rate, 𝑝௖௔௥௕௢௡ is a carbon emission price, 𝑞௧ is an electricity price at the time step t, N is an 5 

integer greater than 1, 𝑇௜
௖௣௨ is an occupancy rate for CPU resources of a task i, 𝑝௖௣௨ is a price 

of CPU utilization, 𝑇௜
ொெ is an occupancy rate for memory resources of the task i, 𝑝ொெ is 

a price of memory resource utilization, M is the number of servers in the data center, 𝐹(𝑀) is 

a static power, 𝑉௧൫𝑈௧
௖௣௨

，𝑀൯ is a variable power, 𝑃௜ௗ௟௘ is a rated power when a server is idle, 

𝑃௣௘௔௞ is a rated power when the server is fully occupied, an index r is a constant, and PUE is 10 

an energy efficiency index of the data center. 

[0057] The calculating unit includes: a scaling module, configured to scale up or scale down 

the rewards at the plurality of time steps to obtain a plurality of scaled rewards, where a range 

of numerical intervals to which the plurality of scaled rewards belong is narrower than a range 

of numerical intervals to which the plurality of rewards belong; and a calculating module, 15 

configured to calculate the return 𝐺௧ according to the plurality of the scaled rewards, where 

the return is a cumulative reward from the time step t to the end of the scheduling process. 

[0058] The scaling module is configured to: for any time step t, calculate the scaled reward 

𝑟௧
ᇱ at the time step t according to a formula 𝑟௧

ᇱ = (𝑟௧ − 𝜇)/(𝜎 + 𝜀), where 𝑟௧ is the reward at 

the time step t, 𝜇 is updated with an increase of a value of k by a formula 𝜇 ← 𝜇ᇱ + (𝑟 − 𝜇)/𝑘, 20 

𝜎 is updated with an increase of the value of k by the formula 𝜎 ← 𝑠𝑞𝑟𝑡(𝑠/𝑘), 𝑠 is updated 

by calculating using a formula 𝑠 ← 𝜎 + (𝑟 − 𝜇ᇱ) ∗ (𝑟 − 𝜇) , where 𝑘 = 𝑛 − 1 , n is a serial 

number of the time step t, in a case where k=0, 𝜇 = 𝑟, 𝜎 = 𝑟, r is a reward obtained at a first 

time step, and in a case serial k is not 0, 𝜇 = 𝜇′. 

[0059] The adjusting unit includes: a first determination module, configured to determine 25 

an estimation of a current state value; and an adjusting module, configured to adjust the 

parameters of the task scheduling network based on the gradient algorithm according to the 

return 𝐺௧ and the estimation of the current state value. 
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[0060] The adjusting unit is configured to: iteratively update update a parameter 𝜃 of the 

task scheduling network using an equation 𝜃 ← 𝜃 + 𝛼ఏ𝛾௧𝛿
ఇഇగഇ൫௔೟|௦೟，ఏ೟൯

గഇ൫௔೟|௦೟，ఏ೟൯
; 

where 𝛼ఏ  is a learning rate of the parameter 𝜃 , 𝛿  is a difference between the 

return 𝐺௧ and the estimation of the current state value, 𝛾௧ is a discount factor at the time step 

t, 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a probability that the task scheduling network takes an action a in an s state 5 

at the time step t, 𝛻ఏ𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a derivative of 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ with respect to 𝜃. 

[0061] The first determining module is configured to: calculate an inner product of a 

parameter vector 𝑤  and a feature vector 𝑥(𝑠௧)  to obtain the estimation 𝑣ො൫𝑠௧，𝑤൯  of the 

current state value; where 𝑥(𝑠௧) is a feature vector of a state at the time step t. 

[0062] The parameter vector 𝑤  is iteratively updated by a formula 𝑤 ← 𝑤 + 𝛼௪ൣ𝐺௧ −10 

𝑣ො൫𝑠௧，𝑤൯൧𝛻𝑣ො൫𝑠௧，𝑤൯ ; where 𝛼௪  is a learning rate of 𝑣ො൫𝑠௧，𝑤൯ , and 𝛻𝑣ො൫𝑠௧，𝑤൯  is a 

derivative of 𝑣ො൫𝑠௧，𝑤൯ with respect to 𝑤. 

[0063] The scheduling unit includes: a second determining module, configured to 

determine a plurality of executable actions, where the actions are used to instruct any one of the 

tasks to be scheduled to any one server for execution; a inputting module, configured to input 15 

the plurality of executable actions into the task scheduling network, and output a probability 

that each of the executable actions is selected; a third determining module, configured to 

determine a plurality of scheduling actions from the plurality of executable actions according 

to the probability that each of the executable actions is selected; and a scheduling module, 

configured to schedule the plurality of tasks according to the plurality of scheduling actions. 20 

[0064] The second determining module includes: a first determining sub-module, 

configured to determine one or more ready tasks from the plurality of tasks included in the job 

to be executed, where the ready tasks include tasks for which there is no parent task, and/or the 

ready tasks include tasks whose parent tasks have been executed, and the parent tasks are tasks 

that the ready tasks depend on when being executed; a second determining sub-module, 25 

configured to, for each of the ready tasks, determine one or more target servers, where the target 

servers are servers that meet computing resources required by the ready tasks; and a third 
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determining sub-module, configured to determine that an action which schedules any one of 

the ready tasks to any one of the target servers is one of the executable actions. 

[0065] The first determining sub-module is configured to: determine a front preset number 

of ready tasks from the plurality of tasks included in the job to be executed according to a task 

arrangement order. 5 

[0066] In addition, an embodiment of the present invention also provides a data center task 

scheduling method based on deep reinforcement learning, including: acquiring a job to be 

scheduled, where the job to be scheduled includes a plurality of tasks to be scheduled; and 

scheduling the plurality of tasks to be scheduled by using a task scheduling network, where the 

task scheduling network is trained by using the afore-mentioned task scheduling network 10 

training method based on deep reinforcement learning. Since the task scheduling network is 

trained using the afore-mentioned task scheduling network training method based on deep 

reinforcement learning, during the training process, the return 𝐺௧ is calculated based on the 

carbon reward, the electricity cost reward and the task latency reward at each of the time steps, 

and the parameters of the task scheduling network are adjusted according to the gradient 15 

algorithm based on the return 𝐺௧ , so the trained task scheduling network will consider the 

carbon emission cost, electricity cost and task latency situation of the entire task execution 

process, which makes the data center scheduling process to be optimized in the direction of low 

carbon, economy, and low latency, and solves the technical problem that a task scheduling 

algorithm in related technologies cannot achieve low-carbon economic operation of the data 20 

center on the basis of ensuring the timeliness of task processing. 

[0067] In addition, an embodiment of the present invention also provides a readable storage 

medium, on which computer instructions are stored, where when the computer instructions are 

executed by the processor, the afore-mentioned task scheduling network training method based 

on deep reinforcement learning is implemented; or when the computer instructions are executed 25 

by the processor, the afore-mentioned data center task scheduling method based on deep 

reinforcement learning is implemented. 

[0068] Finally, an embodiment of the present invention further provides a terminal device. 

The terminal device includes a memory and a processor, where the memory has computer 

instructions stored thereon, and when the computer instructions are executed by the processor, 30 
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the afore-mentioned task scheduling network training method based on deep reinforcement 

learning is implemented; or when the computer instructions are executed by the processor, the 

afore-mentioned data center task scheduling method based on deep reinforcement learning is 

implemented. 

[0069] It should be noted that the user information (including but not limited to user device 5 

information, user personal information, etc.) and data (including but not limited to data for 

analysis, stored data, displayed data, etc.) involved in the present application are all information 

and data authorized by the user or fully authorized by all parties, and the collection, use and 

processing of relevant data need to comply with relevant laws, regulations and standards of 

relevant countries and regions, and provide the corresponding operation entrance for the user 10 

to choose to authorize or refuse. 

[0070] The serial numbers of the afore-mentioned embodiments of the present invention 

are only for description and do not represent the advantages and disadvantages of the 

embodiments. Moreover, the steps shown in the flowchart of the accompanying drawings can 

be executed in a computer system such as a set of computer executable instructions. Although 15 

the logical order is shown in the flowchart, in some cases, the steps shown or described can be 

executed in a different order than here. 

[0071] In the afore-mentioned embodiments of the present invention, each embodiment is 

described with its own emphasis. For parts that are not described in detail in a certain 

embodiment, please refer to the relevant descriptions of other embodiments. 20 

[0072] In the several embodiments according to the present application, it should be 

understood that the disclosed technical content can be implemented in other ways. The 

embodiments of the apparatus described above are merely schematic. For example, the division 

of the units described, can be a logical functional division, and they can be divided in other 

ways in the actual implementation. For example, multiple units or components can be combined 25 

or can be integrated into another system, or some features can be ignored, or not be implemented. 

On the other hand, the mutual coupling, direct coupling or communication connection shown 

or discussed can be indirect coupling or communication connection through some interfaces, 

units or modules, which can be electrical or in other forms. 

[0073] The units illustrated as separate components may or may not be physically separated, 30 
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and the components shown as units may or may not be physical units, i.e., they may be located 

in the same place or may be distributed to a plurality of units. Some or all of these units may be 

selected according to practical needs to achieve the purpose of the solution of the present 

embodiment. 

[0074] In addition, respective functional units in respective embodiments of the present 5 

invention may be integrated into one processing unit, or respective units may exist physically 

separately, or two or more units may be integrated into one unit. The integrated unit can be 

embodied in the form of hardware or in the form of software functional unit. 

[0075] If the integrated unit is embodied in the form of a software functional unit and sold 

or used as an independent product, it can be stored in a computer-readable storage medium. 10 

Based on this understanding, the essence, or the part that contributes to the prior art of the 

technical solution of the present invention, or all or part of the technical solution can be 

embodied in the form of a software product. The computer software product is stored in a 

storage medium and includes several instructions for causing a computer device (which may be 

a personal computer, server, network device, or the like) to execute all or part of the steps of 15 

the methods of respective embodiments of the present invention. The storage media include: a 

USB flash drive, a read-only memory (ROM, Read-Only Memory), a random access memory 

(RAM, Random Access Memory), a mobile hard disk, a magnetic disk or an optical disk, and 

other media that can store program codes. 

[0076] The above are merely preferred implementations of the present invention. It should 20 

be pointed out that, for those of ordinary skill in the art, several improvements and 

modifications can be made without departing from the principles of the present invention. These 

improvements and modifications should also be regarded as the protection scope of the present 

invention. 
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CLAIMS 

1. A task scheduling network training method based on deep reinforcement learning, 

comprising: 

acquiring a job to be executed, wherein the job to be executed comprises a plurality of 

tasks; 5 

scheduling the plurality of tasks by using a task scheduling network; 

determining rewards at a plurality of time steps according to a scheduling result of the task 

scheduling network, wherein respective reward at each of the time steps comprises a carbon 

reward, an electricity cost reward and a task latency reward, the carbon reward represents a 

carbon emission cost of a data center at the time step, the electricity cost reward represents an 10 

electricity cost of the data center at the time step, the task latency reward represents a task 

latency of the data center at the time step; 

calculating a return G୲ according to the rewards at the plurality of time steps, wherein the 

return G୲ is a cumulative reward from a time step t to the end of a scheduling process; and 

adjusting parameters of the task scheduling network based on a gradient algorithm 15 

according to at least the return G୲. 

2. The task scheduling network training method based on deep reinforcement learning 

according to claim 1, wherein the determining the rewards at the plurality of time steps 

according to the scheduling result of the task scheduling network comprises: 

for any time step t, calculating the reward at the time step t according to a formula 𝑟௧ =20 

−𝑟௧
௖௔௥௕௢௡ − 𝑟௧

௖௢௦௧ − 𝑟௧
ொ௢௦; 

wherein 𝑟௧
௖௔௥௕௢௡ is a carbon reward at the time step t, 𝑟௧

௖௢௦௧ is an electricity cost reward 

at the time step t, and 𝑟௧
ொ௢௦ is a task latency reward at the time step t. 

3. The task scheduling network training method based on deep reinforcement learning 

according to claim 2, wherein 𝑟௧
௖௔௥௕௢௡ = −𝑃௧

஽஼ ∙ 𝑒௧ ∙ 𝑝
௖௔௥௕௢௡ , 𝑟௧

௖௢௦௧ = −𝑃௧
஽஼ ∙ 𝑞௧ , 𝑟௧

ொ௢௦
=25 

−∑ ൫𝑇௜
௖௣௨

∙ 𝑝௖௣௨ + 𝑇௜
ொெ ∙ 𝑝ொெ൯ே

௜ୀଵ ; 
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wherein 𝑟௧
ொ௢௦

= −∑ ൫𝑇௜
௖௣௨

∙ 𝑝௖௣௨ + 𝑇௜
ொெ ∙ 𝑝ொெ൯ே

௜ୀଵ  , 𝐹(𝑀) = 𝑀൫𝑃௜ௗ௟௘ + (𝑃𝑈𝐸 − 1) ∙

𝑃௣௘௔௞൯ , 𝑉௧൫𝑈௧
௖௣௨，𝑀൯ = ∑ ൫𝑃௣௘௔௞ − 𝑃௜ௗ௟௘൯

ெ
௜ୀଵ ቂ2𝑈

௜，௧

௖௣௨
− ቀ𝑈

௜，௧

௖௣௨
ቁ
௥

ቃ , 𝑃௧
஽஼  is a power of the 

data center at the time step t, 𝑒௧  is a system carbon emission rate, 𝑝௖௔௥௕௢௡  is a carbon 

emission price, 𝑞௧ is an electricity price at the time step t, N is an integer greater than 1, 𝑇௜
௖௣௨ 

is an occupancy rate for CPU resources of a task i, 𝑝௖௣௨ is a price of CPU utilization, 𝑇௜
ொெ 5 

is an occupancy rate for memory resources of the task i 𝑝ொெ is a price of memory resource 

utilization, M is a number of servers in the data center, 𝐹(𝑀) is a static power, 𝑉௧൫𝑈௧
௖௣௨，𝑀൯ 

is a variable power, 𝑃௜ௗ௟௘ is a rated power when a server is idle, 𝑃௣௘௔௞ is a rated power when 

the server is fully occupied, an index r is a constant, and PUE is an energy efficiency index of 

the data center. 10 

4. The task scheduling network training method based on deep reinforcement learning 

according to claim 1, wherein the calculating the return 𝐺௧ according to the rewards at the 

plurality of time steps comprises: 

scaling up or scaling down the rewards at the plurality of time steps to obtain a plurality 

of scaled rewards, wherein a range of numerical intervals to which the plurality of scaled 15 

rewards belong is narrower than a range of numerical intervals to which the plurality of rewards 

belong; and 

calculating the return 𝐺௧ according to the plurality of the scaled rewards. 

5. The task scheduling network training method based on deep reinforcement learning 

according to claim 4, wherein the scaling up or scaling down the rewards at the plurality of time 20 

steps to obtain the plurality of scaled rewards comprises: 

for any time step t, calculating the scaled reward 𝑟௧
ᇱ  at the time step t according to a 

formula 𝑟௧
ᇱ = (𝑟௧ − 𝜇)/(𝜎 + 𝜀), wherein 𝑟௧ is the reward at the time step t, 𝜇 is updated with 

an increase of a value of k by a formula 𝜇 ← 𝜇′ + (𝑟 − 𝜇)/𝑘, 𝜎 is updated with an increase 

of the value of k by a formula 𝜎 ← 𝑠𝑞𝑟𝑡(𝑠/𝑘), 𝑠 is updated by calculating using a formula 25 

𝑠 ← 𝜎 + (𝑟 − 𝜇ᇱ) ∗ (𝑟 − 𝜇), wherein 𝑘 = 𝑛 − 1, n is a serial number of the time step t, in a 

case where k=0, 𝜇 = 𝑟, 𝜎 = 𝑟, r is a reward obtained at a first time step, and in a case where 

k is not 0, 𝜇 = 𝜇ᇱ. 
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6. The task scheduling network training method based on deep reinforcement learning 

according to claim 1, wherein the adjusting the parameters of the task scheduling network based 

on the gradient algorithm according to the return 𝐺௧ comprises: 

determining an estimation of a current state value; and 

adjusting the parameters of the task scheduling network based on the gradient algorithm 5 

according to the return 𝐺௧ and the estimation of the current state value. 

7. The task scheduling network training method based on deep reinforcement learning 

according to claim 6, wherein the adjusting the parameters of the task scheduling network based 

on the gradient algorithm according to the return 𝐺௧ and the estimation of the current state 

value comprises: 10 

iteratively updating a parameter 𝜃 of the task scheduling network using an equation 𝜃 ←

𝜃 + 𝛼ఏ𝛾௧𝛿
ఇഇగഇ൫௔೟|௦೟，ఏ೟൯

గഇ൫௔೟|௦೟，ఏ೟൯
, wherein 𝛼ఏ is a learning rate of the parameter 𝜃, 𝛿 is a difference 

between the return 𝐺௧ and the estimation of the current state value, 𝛾௧ is a discount factor at 

the time step t, 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯ is a probability that the task scheduling network takes an action 

a in an s state at the time step t, 𝛻ఏ𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯  is a derivative of 𝜋ఏ൫𝑎௧|𝑠௧，𝜃௧൯  with 15 

respect to 𝜃. 

8. The task scheduling network training method based on deep reinforcement learning 

according to claim 6, wherein the determining the estimation of the current state value 

comprises: 

calculating an inner product of a parameter vector 𝑤 and a feature vector 𝑥(𝑠௧) to obtain 20 

the estimation 𝑣ො൫𝑠௧，𝑤൯ of the current state value; 

wherein 𝑥(𝑠௧) is a feature vector of a state at the time step t. 

9. The task scheduling network training method based on deep reinforcement learning 

according to claim 8, wherein the parameter vector 𝑤 is iteratively updated by a formula 𝑤 ←

𝑤 + 𝛼௪ൣ𝐺௧ − 𝑣ො൫𝑠௧，𝑤൯൧𝛻𝑣ො൫𝑠௧，𝑤൯; 25 

wherein 𝛼௪  is a learning rate of 𝑣ො൫𝑠௧，𝑤൯ , and 𝛻𝑣ො൫𝑠௧，𝑤൯  is a derivative of 

𝑣ො൫𝑠௧，𝑤൯ with respect to 𝑤. 
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10. The task scheduling network training method based on deep reinforcement learning 

according to any one of claims 1 to 9, wherein the scheduling the plurality of tasks by using the 

task scheduling network comprises: 

determining a plurality of executable actions, wherein the actions are used to instruct any 

one of the tasks to be scheduled to any one server for execution; 5 

inputting the plurality of executable actions into the task scheduling network, and 

outputting a probability that each of the executable actions is selected; 

determining a plurality of scheduling actions from the plurality of executable actions 

according to the probability that each of the executable actions is selected; and 

scheduling the plurality of tasks according to the plurality of scheduling actions. 10 

11. The task scheduling network training method based on deep reinforcement learning 

according to claim 10, wherein the determining the plurality of executable actions comprises: 

determining one or more ready tasks from the plurality of tasks comprised in the job to be 

executed, wherein the ready tasks comprise tasks for which there is no parent task, and/or the 

ready tasks comprise tasks whose parent tasks have been executed, and the parent tasks are 15 

tasks that the ready tasks depend on when being executed; 

for each of the ready tasks, determining one or more target servers, wherein the target 

servers are servers that meet computing resources required by the ready tasks; and 

determining that an action which schedules any one of the ready tasks to any one of the 

target servers is one of the executable actions. 20 

12. A data center task scheduling method based on deep reinforcement learning, 

comprising: 

acquiring a job to be scheduled, wherein the job to be scheduled comprises a plurality of 

tasks to be scheduled; and 

scheduling the plurality of tasks to be scheduled by using a task scheduling network, 25 

wherein the task scheduling network is trained by using the task scheduling network training 

method based on deep reinforcement learning according to any one of claims 1 to 11. 

13. A readable storage medium with computer programs stored thereon, wherein when the 

computer instructions are executed by a processor, the task scheduling network training method 

based on deep reinforcement learning according to any one of claims 1 to 11 is implemented; 30 



 

30 

or when the computer instructions are executed by the processor, the data center task scheduling 

method based on deep reinforcement learning according to claim 12 is implemented. 

14. A terminal device, comprising a memory and a processor, wherein the memory has 

computer instructions stored thereon, when the computer instructions are executed by the 

processor, the task scheduling network training method based on deep reinforcement learning 5 

according to any one of claims 1 to 11 is implemented; or when the computer instructions are 

executed by the processor, the data center task scheduling method based on deep reinforcement 

learning according to claim 12 is implemented. 


