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Abstract—With the wide application of deep learning, the
amount of data required to train deep learning models is becoming
increasingly larger, resulting in an increased training time and
higher requirements for computing resources. To improve the
throughput of a distributed learning system, task scheduling and
resource scheduling are required. This article proposes to combine
ARIMA and GRU models to predict the future task volume. In
terms of task scheduling, multi-priority task queues are used to
divide tasks into different queues according to their priorities to
ensure that high-priority tasks can be completed in advance. In
terms of resource scheduling, the reinforcement learning method
is adopted to manage limited computing resources. The reward
function of reinforcement learning is constructed based on the
resources occupied by the task, the training time, the accuracy of
the model. When a distributed learning model tends to converge, the
computing resources of the task are gradually reduced so that they
can be allocated to other learning tasks. The results of experiments
demonstrate that RLPTO tends to use more compu-ting nodes
when facing tasks with large data scale and has good scalability. The
distributed learning system reward experiment shows that RLPTO
can make the computing cluster get the largest reward.

Index Terms—Cloud computing, scheduling algorithms,
dynamic scheduling, resource management, distributed
computing, reinforcement learning.

I. INTRODUCTION

D EEP learning is widely used in image identification [1],
[2], speech recognition [3], [4], recommendation systems

[5], [6], and medical fields [7], [8], [9]. With the development
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of deep learning research, the performance of deep learning
models is becoming increasingly better, but the training time
and computing resources required to train deep learning models
are also increasing. To meet the computing power requirements
of complex deep learning models and the needs of privacy
security, distributed machine learning has emerged, in which
the training task is jointly completed by multiple distributed
computing nodes [10], [11], [12]. Many large IT companies
now use several servers and a large number of client or edge
devices to form distributed computing clusters, and train on
massive data to obtain models with better performance. For
example, Google uses the Distributed TensorFlow framework to
provide services for Google Photos and Google Cloud Speech
[13].

The training of deep learning models requires a large amount
of resources and is time-consuming. For example, training a
DeepSpeech2 model on the LibriSpeech dataset takes 3-5 days
with 16 GPUs to achieve the desired accuracy [14]. Moreover,
training a GoogleNet model on the ImageNet dataset takes 23.4
hours on a Titan supercomputing server with 32 NVIDIA K20
GPUs [15].

With the growing scale of distributed computing clusters,
determining how to schedule distributed computing clusters to
meet the requirements of distributed learning tasks has become
the key to the improvement of the throughput of the entire dis-
tributed computing cluster [16]. Therefore, it is necessary to de-
sign a suitable resource scheduling system for distributed com-
puting clusters and allocate appropriate computing resources for
different tasks.

The methods commonly used in the field of resource schedul-
ing include static and dynamic resource scheduling methods.
Static resource scheduling involves the allocation of a fixed
number of computing resources before task execution, and the
computing resources are kept unchanged during task operation.
Dynamic resource scheduling is characterized by the dynamic
adjustment of the amount of computing resources used by the
task during task operation. Classic resource scheduling schemes
include first come first served [17] (FCFS), fair scheduling
(FS) [18], delayed scheduling [19], and the dominant resource
fair (DRF) scheduling policy [20]. These resource scheduling
methods do not take advantage of the fact that the performance
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of the deep learning model changes with the training time, and do
not maximize the throughput of the entire distributed computing
cluster.

Reinforcement learning is a research hotspot in machine
learning. Its main idea is what actions an agent should take to
maximize the reward in a particular environment. Reinforcement
learning is a type of unsupervised learning where the agent
learns from past experience without labeled data. Resources
and tasks in distributed machine learning clusters are non-linear
and non-deterministic, and reinforcement learning can adapt to
these rapid changes in the environment. Reinforcement learning
can deal with long-term rewards, adapting to situations where
resource scheduling decisions pay off in the future. It is suitable
for complex systems such as distributed learning clusters. In
this paper, deep reinforcement learning is used for resource
scheduling in distributed learning clusters, the strong fitting
ability of deep learning is used to fit the complex environment
in distributed systems, and the decision-making ability of rein-
forcement learning is used to decide which resource scheduling
behavior to adopt.

The main contributions of this research are as follows.
1) A computing resource allocation algorithm based on long-

term and short-term task volume prediction, namely LSP,
is proposed. The LSP prediction method combining long-
and short-term prediction is proposed to predict the future
task volume. The index moving weighted average method
is used to evaluate the number of tasks completed by each
computing node and to calculate the number of computing
nodes required for a certain day. In this way, the energy
consumption of a distributed computing cluster can be
reduced on the premise of ensuring relatively sufficient
computing resources.

2) A task scheduling method based on a multi-priority task
queue is used. This research is oriented to the distributed
machine learning, and the dynamic priority and preemp-
tive task scheduling mechanism is used to place the
learning tasks into task queues with different priorities.
High-priority tasks can obtain computing resources first
to start training tasks earlier.

3) A dynamic computing resources scheduling algorithm
(RLPTO) based on reinforcement learning is proposed in
this paper. The reward function and state space of the re-
inforcement learning algorithm are designed according to
the model accuracy, training time and the task priority. The
reinforcement learning algorithm dynamically increases
and reduces the computing resources of tasks. RLPTO
combines resource scheduling with task scheduling to
maximize the reward of distributed computing clusters.
This paper finds the relationship between β and data scale,
and gives a suggested range of β.

II. RELATED WORK

Increasingly more researchers are investigating how to rea-
sonably schedule computing resources in distributed clusters to

different learning tasks to improve the utilization of computing
resources.

A. Resource Scheduling Strategy

Common centralized scheduling schemes in the field of re-
source scheduling include FCFS [17], FS [18], delayed schedul-
ing [19], and DRF scheduling [20].

FCFS [17] is the most basic resource scheduling strategy.
The operating system allocates resources to tasks according to
the time sequence of task submission, and each task uses the
allocated resources to work.

The FS strategy [18] implements resource scheduling based
on queues. During resource allocation, the queues are first
allocated the minimum amount of resources, and the remain-
ing resources are then allocated to each queue according to
the resource shortage of different queues. Within each queue,
resources are allocated to all jobs in an evenly divided manner.

The purpose of delayed scheduling [19] is to increase the data
locality of task scheduling. For the task at the head of the queue,
the scheduler determines whether the data used by the task are
local. If the data are localized data, the task can be executed.
Otherwise, the task scheduler executes other tasks with local
data behind the queue. When the task at the head of the line is
delayed for a certain period of time, the task is started.

DRF scheduling [20] is a max-min algorithm, and the schedul-
ing goal of the strategy is to maximize the minimum amount of
resources allocated to a task. The resource that the task requires
the most is called the dominant resource. The purpose of DRF
is to keep the dominant resources of different tasks as fair as
possible.

B. Resource Scheduling for Distributed Learning

There are different optimization methods for resource
scheduling in distributed learning. Yan et al. established a
resource-completion time model [21]. The model evaluates the
impacts of data parallelism, model parallelism, and different
resource scheduling methods on tasks in distributed machine
learning to obtain the optimal resource allocation scheme.
Lee et al. [22] proposed a dynamic resource management scheme
for distributed machine learning with a federated learning pa-
rameter server structure. The method evaluates each iteration
time according to the computation time and communication
time, based on which it continuously adjusts the resource al-
location. This method addresses the dynamic demands on the
resources of distributed machine learning tasks during execu-
tion.

Some researchers have taken a more detailed look at the use
of GPUs for machine learning tasks. One problem of distributed
machine learning is that CPU computing is slower than GPU
computing, but GPU training requires more network bandwidth
than CPU training. To solve this problem, Gao et al. [23] pro-
posed GAI, a scheduler based on a centralized tree structure,
the scheduling objective of which is to minimize the completion
time of high-priority training jobs. GAI uses a centralized rack-
aware tree scheduling method, and maintains a resource tree in
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the memory to place all tasks of the machine learning training
jobs in one machine, or in the machines belonging to the same
rack to the greatest extent possible.

Gu et al. [24] proposed two GPU scheduling algorithms,
namely the Discretized Two-Dimensional Gittins index algo-
rithm and the Discretized Two-Dimensional LAS algorithm, to
minimize the average job completion time. According to differ-
ent task priorities, GPU resources are allocated and scheduled
to reduce the task waiting time, thereby reducing the completion
time of all learning tasks.

In addition to static resource scheduling schemes for dis-
tributed machine learning, dynamic scheduling schemes are
also evolving. Peng et al. proposed the Optimus algorithm [25],
which dynamically adjusts the number of worker nodes managed
by the parameter server during runtime. The algorithm fits the
convergence of the machine learning model online, and uses
the constructed performance model to evaluate the number of
resources required for each job, thereby achieving the goal of
minimizing the total task completion time. However, it is quite
difficult to fit the convergence of the machine learning model
online, especially for users who only use data to train models.

In addition to modeling the relationship between the resources
and the task completion time, some research has aimed to
maximize the overall performance of multiple models on a
cluster. Zhang et al. [26] proposed the SLAQ algorithm, which
models the task execution quality-runtime while carrying out
resource allocation. SLAQ allocates resources according to the
change of the current loss value of different models. With the
assumptions of the loss convergence rate, SLAQ uses the historic
values of exponentially weighted loss to fit a curve for sublinear
algorithms. Due to the differences in the structure of each deep
learning model, and because the computing resources occupied
by the models can change at any time, methods that predict the
model quality based on mathematics sometimes lead to large
prediction errors.

Zheng et al. [27] proposed a target-based resource scheduling
scheme, TRADL, which aims to improve the overall perfor-
mance of multiple distributed deep learning tasks. This method
sets up two-layer goals for distributed learning tasks. When the
accuracy of the model reaches a goal, the model is handed over
to the user, and the model continues to be trained to improve
the model accuracy. This scheme reduces the time required
for the model to reach a target. While TRADL is aimed at
model accuracy, users usually want a model with high accuracy,
and it is difficult for users to set the target accuracy at the
beginning.

It is not easy to change the configuration of a distributed
machine learning system when it is running. Chun et al. [28] pro-
posed Dolphin to address the configuration problem at runtime
by optimizing the configuration of the running machine learning
system according to computations and communications. Dol-
phin extends the existing parameter server architecture with two
new components, namely the Optimizer and Elastic Memory
Store (EMS). The Optimizer models the iteration time as a
cost function of several variables. Via cost-based optimization,
the Optimizer finds the optimal configuration that produces the
lowest cost, i.e., the shortest iteration time. EMS is a distributed

Fig. 1. Overall structure of the proposed system.

in-memory store abstraction that makes it possible to change the
configuration of the system at runtime. However, Dolphin only
focuses on the iteration time and other time durations, not on
the performance of the model. The proposed approach focuses
on the cost of improving model performance.

III. Task and Resource Scheduling System Of Distributed
Machine Learning

The distributed machine learning resource allocation and
scheduling algorithm based on task prediction and reinforcement
learning proposed in this work includes three components: re-
source allocation, task scheduling, and resource scheduling. The
overall structure of the system is illustrated in Fig. 1.

The user initiates a learning task request, and the task will
enter the task manager. The task manager schedules tasks ac-
cording to the priority of tasks, and assigns computing resources
to the selected tasks. The dynamic priority task scheduling
mechanism is adopted for the task manager. Higher-priority
tasks can obtain computing resources first to complete training
tasks earlier. The priority of a task is set and adjusted by the user,
and the user can send a request to the task manager to change
the priority of the task. The priority of the task is determined by
the cost paid by the user; high-priority tasks cost more money.
Therefore, the user will not define all tasks as high-priority.

The resource manager predicts the daily task volume and
determines the size of the resource pool available for the day. In
this work, a task prediction algorithm called LSP is proposed.
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LSP combines the advantages of the autoregressive integrated
moving average (ARIMA) and gated recurrent unit (GRU) mod-
els to predict future tasks. The resource manager calculates
the daily computing resources via the exponentially weighted
moving average (EWMA) method and the LSP task volume
prediction model.

After computing resources are allocated to the task, the
learning task begins to execute. In the training process of the
distributed machine learning model, the resource scheduler
schedules the computing resources occupied by each learning
task based on the reinforcement learning algorithm. After the
machine learning model has been trained for a long amount of
time and the performance of the model reaches convergence, the
resource scheduler actively reduces the amount of computing
resources occupied by the task.

IV. COMPUTING RESOURCE ALLOCATION BASED ON LONG-
AND SHORT-PERIOD TASK VOLUME PREDICTION

A. Prediction of Task Volume Based on Long and Short
Periods

The daily task volume of the system is affected by the task
volume in the recent period, and it also exhibits long-term
periodicity, i.e., people do similar work every week. Therefore,
the amount of data processed in the previous weeks can be used
to predict the amount of data in the future. For example, to
predict the task volume of next Monday, the task volume of each
Monday in the past few weeks can be used to make predictions.

This study proposes the combination of the GRU and ARIMA
models for task volume prediction. The GRU model is used to
make predictions based on the task volume of the last week, and
the ARIMA model is used to predict the task volume of the next
week based on the data volume of the previous weeks.

The GRU is a type of recurrent neural network. Like long
short-term memory, (LSTM), it was also proposed to solve
problems such as long-term memory and gradients in backprop-
agation.

The ARIMA model is composed of an autoregressive (AR)
model and a moving average (MA) model. AR models are
mainly used to describe the relationship between the current mo-
ment and the historical moment. The AR model fits the historical
data and predicts the data at the current moment according to the
fitting result. The MA model pays more attention to the influence
of the error term. The role of the MA model in the ARIMA model
is primarily to adjust the error term in the model.

This work combines the GRU and ARIMA models, and
proposes a long- and short-term combined prediction algorithm
called LSP. The prediction formula is

ypred=αGRU (xbefore_seven)+(1−α)ARIMA (xbefore) ,
(1)

where α is the scale factor, the value range of which is [0,
[1], representing the influence of different models on the final
predicted value. If the data to be predicted is stable over the long
term, the α value can be set closer to 0, and the output will be
more inclined to the ARIMA model. If the data to be predicted
changes significantly over time, theα value is set closer to 1, and

TABLE I
NOTATIONS AND THE REPRESENTATION

the output is more skewed toward the GRU model. In this study,
compared with the long-term task volume, the short-term task
volume plays a greater role in predicting the future task volume,
so the scale factor α is taken as 0.6.

Table I refers to the notations and their representations used
throughout this paper.

B. Resource Management Based on Task Volume Prediction

To reduce the energy consumption and maintenance costs,
usually only some computing resources are powered on. How-
ever, it is difficult to determine how many computing resources
should be powered on.

In this study, a heuristic algorithm is used to manage the
number of running nodes in a distributed learning cluster. If the
predicted number of running nodes is greater than the current
number of running nodes, the resource manager increases the
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running nodes. When the predicted number of running nodes is
less than the current number of running nodes, the number of
running nodes will be reduced, thereby reducing the operation
and maintenance costs.

The EWMA (Exponentially Weighted Moving Average)
method is used in this study to calculate the average number
of tasks completed by nodes. When using this method, each
previous value decreases exponentially with time. The formula
for the average daily number of tasks completed by a computing
node is

tasknew = ρtaskold + (1− ρ) taskpast, (2)

where ρ is a scale factor, which represents the impact of past
data on the average value, taskpast represents the task volume
in the past day, taskold represents the task volume calculated
by the EWMA the last time, and tasknew represents the task
volume calculated at the current moment. If the number of
tasks changes frequently, set ρ to close to 0. If the number of
tasks changes infrequently, set ρ to close to 1. In this study,
ρ = 0.8.

Using (1) and (2), the number of running computing nodes
required by the distributed computing cluster on the current day
can be calculated. The calculation formula is as follows.

wpred =
ypred

tasknew
(3)

V. TASK SCHEDULING BASED ON MULTI-PRIORITY QUEUES

A. Dynamic Priority

The types of machine learning tasks proposed by users are
diverse, as are the time requirements for completing the tasks.
In this work, tasks are divided into two types, namely normal
tasks and urgent tasks, and tasks of each type have their own
priorities. Users prioritize their tasks according to their needs.
The task scheduler schedules tasks according to the priority of
the task; high-priority tasks are executed earlier, while lower-
priority tasks must wait longer.

The priority of tasks is defined by the user and can be adjusted
dynamically. When a user wants his or her task to be completed
first, the user can increase the priority of the task. In a resource
scheduling cycle, the user can increase the priority of the task
multiple times. The priority adjustment formula is

prt = prt−1 + μN (4)

where prt−1 represents the priority of the current task, prt is
the priority after adjustment, t is the priority update period, and
μ represents the change factor, which represents the amount of
change in each request to increase or decrease the priority. The
larger the value of μ, the greater the impact of each user request
on the task. The value of μ is set to 0.1 in this study. Finally,
N represents the number of user requests to change the priority
within a priority update period.

To facilitate the management of task queues, a threshold is set
for task priority. When the priority of a normal task is greater than
the threshold, the task is set as an urgent task and the priority
is reset. When the priority of an urgent task is lower than the

Fig. 2. Conversion of tasks between the normal queue and emergency
queue.

Fig. 3. Task scheduling mechanism of RLPTO.

threshold, the urgent task is downgraded to a normal task and a
new priority is set.

B. Task Scheduling Based on Multi-Priority Queues

To meet the scheduling requirements of tasks with different
priority, multi-priority queues are used for task scheduling. The
task manager establishes three queues, namely the normal queue,
urgent queue, and interrupt queue. The normal queue includes
low-priority and default-priority tasks. The urgent queue mainly
includes urgent tasks with high priority. The tasks in this queue
must be executed earlier than the tasks in the normal queue. The
conversion of tasks between the normal queue and emergency
queue is shown in Fig. 2.

The interrupt queue is used to store interrupted tasks. In
the proposed task scheduling scheme, there is a task with the
highest priority, and this task occupies resources in a preemptive
manner for task execution. The interrupt queue saves the inter-
rupted tasks, and the tasks in the queue will also be scheduled
preferentially in the subsequent task scheduling. The proposed
task scheduling mechanism of distributed machine learning is
presented in Fig. 3.
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Fig. 4. Architecture of the distributed resource scheduling system.

In the distributed task scheduling system, the task scheduler
selects tasks from multiple queues and offloads them to the
computing cluster. When a task in the computing cluster is com-
pleted, the task manager first checks to see if there are still tasks
in the interrupt queue. If there is a task in the interrupt queue, the
task manager selects the task from the interrupt queue to execute
first; otherwise, it selects the task with higher priority from the
urgent queue to execute. If the urgent queue has no tasks, the task
manager schedules high-priority tasks from the normal queue
for execution. When the highest-priority task appears and there
are no idle computing resources in the computing cluster, the
newly-started learning task is interrupted. The interrupted task
is added to the interrupt queue, and its resources are occupied
by the task with the highest priority. For each task in the task
queue, the owner of the task can adjust the task priority or cancel
the task.

VI. RESOURCE SCHEDULING ALGORITHM FOR DISTRIBUTED

LEARNING SYSTEMS BASED ON REINFORCEMENT LEARNING

A. Resource Scheduling System Architecture for Distributed
Learning Based on Reinforcement Learning

In this work, a distributed resource scheduling algorithm
based on deep reinforcement learning is used for the resource
scheduling of machine learning tasks. The distributed resource
scheduler consists of a state collector, reinforcement learning
agent, and resource scheduling executor. The state collector
collects and processes the state information of the ongoing
distributed learning task, and inputs the processed state informa-
tion into the reinforcement learning agent. The reinforcement
learning agent chooses the next action to take based on the
input state, and sends the action to the resource scheduling
executor. The resource scheduling executor performs this action
and adjusts the amount of resources owned by each parameter
server of distributed machine learning. The strong fitting ability
of deep learning is used to fit the complex environment in the
distributed system, and the decision-making ability of reinforce-
ment learning is used to decide the resource scheduling operation
to be taken.

The architecture of the distributed resource scheduling system
is exhibited in Fig. 4.

Resource Scheduling Algorithm.
1. function Schedule(Environment env, Agent agent):
2. reduce task’ resource;
3. cur_state = env.getState(); //Get the environ mental

state
4. While ThereIsFreeResource() = True do:
5. action = agent.getAction(cur_state); // Get the next

action by Reinforcement learning algorithm
6. cur_state = env.doAction(action); // Execute

actions and update state
7. end function
9. function main():

10. Initialize environment;
11. Initialize Task Queue;
12. Initialize agent;
13. While true do:
14. If TaskQueue.empty() do:
15. Continue;
16. End if
17. If model is convergent or server don’t train model

do:
18. If model is convergent do: // The model doesn’t

need any more training
19. Release resources;
20. End if
21. task = getTask(); // Take a new task from the

task queue
22. AllocateResource(task);
23. StartTrain(task);
24. End if
25. If task’s precision increase < β do:
26. Schedule(environment, agent); // Reduce some

resources
27. End if
28. End while
29. End function

As shown in Fig. 4, the reinforcement learning agent selects
the next action based on the training state of the machine learning
model being trained. Distributed machine learning requires a
large amount of iterative training at the beginning of the task,
and reinforcement learning agents should not frequently change
the computing resources at this time. When the machine learning
model is close to convergence or has converged, and once the
gradient of the model parameters has changed very little after
each training iteration, the resources allocated to the task can
be modified. This work proposes the use of a reinforcement
learning algorithm to adjust the computing resources of this
task, and to allocate a portion of the resources of the task to
other tasks. In this way, the computing resources occupied by
the converged distributed learning tasks can be released in time,
and the excessive use of computing resources by such tasks can
be reduced, thereby improving resource utilization. The resource
scheduling algorithm is given as follows.
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B. Reward Function for RLPTO

The goal of the resource scheduling strategy proposed in this
paper is to maximize the utilization of computing resources and
improve the training speed of each distributed learning task
under the premise of achieving the high performance of the
distributed learning model. To achieve this goal, it is necessary
to provide an accurate state space and an action space with low
computational complexity, as well as to design a reasonable
reward function for the reinforcement learning algorithm.

When users submit a machine learning task, they usually
desire that the learning task be completed as soon as possible so
that the performance of the model can be known as early as pos-
sible. Thus, the training effect and resource utilization efficiency
of the distributed learning model are comprehensively con-
sidered, and a reinforcement learning-based performance/time-
optimized (RLPTO) resource scheduling algorithm is proposed.

The reinforcement learning algorithm evaluates the current
impact of the action at at time t via the reward function. When
the performance of the model is improved, the reward function
has a positive benefit, and it is necessary for the task to occupy
the computing node. When the model tends to converge and
stabilize, although the task continues to occupy computing re-
sources, the performance of the model cannot be improved. In
this case, the occupied computing resources should be gradually
reduced, and the released computing resources can be allocated
to other training tasks that require computing resources. This
study proposes a reinforcement learning reward function that
combines the model performance and training time. The reward
function is defined as follows:

vait = accinew − accipre

rit = vait + sign
(
vait − β0

)× T i × wi × kw, (5)

where vait represents the variation of the model accuracy of the
i-th task at time t, β0 represents the threshold of the variation
of the model accuracy, T i represents the execution time of the
i-th task, wi represents the number of computing nodes owned
by the i-th task, and kw is a constant that represents the average
power consumption of the computing nodes in each computing
cycle, and kw = 0.000625. sign is a function of judging whether
(vait − β0) is positive or negative. In the early stage of model
training, the accuracy of the model continues to improve, and
sign(vait − β0) > 0. After the model has been trained for a
period of time, the performance of the model has converged,
and the change in the accuracy of the model is very small,
sign(vait − β0) < 0. When vait > β, the training of the model
for the i-th task brings a positive benefit. When vait < β, with the
increase of the task execution time, the use of computing nodes
for the training of the i-th task will bring negative benefits, i.e.,
computing resources may be wasted.

The goal of reinforcement learning decision-making is to
obtain the maximum cumulative reward. Two commonly used
methods for calculating the cumulative reward are the T-step
and gamma discount cumulative reward methods. The T-step cu-
mulative reward method calculates the total cumulative reward
value in T decision-making cycles, and then takes the average

value. The calculation formula is

reward = E

[
T−1∑
i = 1

ri

]
(6)

where T is the number of reinforcement learning steps from
the start to the current time. The γ discount cumulative reward
discounts the reward value of the previous strategy when calcu-
lating the current cumulative reward. The calculation formula is

reward = E

[ ∞∑
t = 1

γtrt

]
(7)

where γt is the discount factor at time t, γ�(01). The closer
the value of γ is to 0, the smaller the effect of the previous
strategy; the closer the value of γ is to 1, the more important
the previous strategy. The gamma discount cumulative reward
method is adopted to calculate the total reward. In this study,
resource scheduling is progressive, and each task increases or
decreases by at most one computing resource in each scheduling
cycle. Therefore, the previous strategy is very important for the
calculation of the cumulative reward, so γ = 0.99.

C. Proximal Policy Optimization Reinforcement Learning
Algorithm

The policy gradient (PG) algorithm is an important category
in deep reinforcement learning. The PG algorithm models the
policy function and then uses gradient descent to update the
parameters of the network. One disadvantage of the PG method
is that the parameter update is slow. For this reason, researchers
have proposed the combination of the value-based and policy-
based algorithms to form the actor-critic (AC) algorithm. The
actor part of the algorithm is responsible for updating the policy
function πθ and selecting subsequent actions. The critic part
is responsible for calculating the action value Qw(s, a), and
gives the score for the action chosen by the actor. s means the
state and a means the action. The actor modifies the probability
of all available actions based on the rating given by the critic.
The update of the network parameter θ by the actor depends
on the action-value function of the critical part. The critic part
updates its network parameters ω by function approximation.
The AC algorithm updates the gradient in a way similar to the
PG algorithm. The overall reward function J(θ) is defined as
follows:

∇θJ (θ) ≈ Eπθ
[∇θ log πθ (s, a)Qω (s, a)] (8)

where π is the policy function. Because the actor part is a
policy-based algorithm, there is a problem of medium to high
variance. In addition to introducing the critic network to reduce
the variance of the actor, the baseline method is also introduced
to further reduce the variance. The AC algorithm introduces
the advantage function Aπθ (s, a) as the baseline function. The
meanings of Aπθ (s, a), Qw(s, a), Qπθ (s, a), V πθ (s), ∇θ, δπθ ,
J(θ), βkl can be found in Table I. The policy gradient update
formula is given as follows.

∇θJ (θ) ≈ Eπθ
[∇θ log πθ (s, a)A

πθ (s, a)] , (9)
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The advantage function is defined as

Aπθ (s, a) = Qπθ (s, a)− V πθ (s) , (10)

where Qπθ (s, a) is the action value function corresponding to
the strategy function, and V πθ (s) is the environmental value
function corresponding to the policy function. This function
calculates the improvement compared to the average of the
action taken at that state. In other words, this function calculates
the extra reward if this action is taken. The extra reward is that
beyond the expected value of that state. The advantage function
Aπθ (s, a) uses a T-step update to estimate the advantage. The
AC algorithm uses the temporal-difference (TD) error method
to estimate Aπθ (s, a) unbiasedly. The calculation formula of the
TD error is

δπθ = r + γV πθ (s′)− V πθ (s) , (11)

where r is the accumulated reward value. By combining (9) and
(11), the GP update method of the AC algorithm can be obtained
as follows:

∇θJ (θ) ≈ Eπθ
[∇θ log πθ (s, a) δ

πθ ] , (12)

where δπθ is the error generated by the policy function. The actor
network part uses the PG algorithm for action selection, but the
PG algorithm requires resampling after each update.

On the basis of the AC algorithm, the PPO algorithm is
proposed to include the addition of importance sampling, which
turns the online algorithm into an offline method so that the
agent can reuse the previously sampled data. In the traditional
AC algorithm, the sampling method is as follows.

Ex∼p [f (x)] = ∫ f (x) p (x) dx ≈ 1

N

N∑
i = 1

f
(
xi
)
, (13)

The principle of importance sampling is as follows.

Ex∼p [f (x)] ≈ ∫ f (x) p (x) dx = ∫ f (x)
p (x)

q (x)
dx

= Ex∼p

[
f (x)

p (x)

q (x)

]
, (14)

The importance principle is introduced into the PC, so the PG
is as follows.

∇θ′J (θ) = Eπθ′

[
πθ (s, a)

πθ′ (s, a)
Aπθ′ (s, a)

]
(15)

θ′ is the new network parameters. To ensure that the difference
between θ and θ’ is not too large, the Kullback-Leibler (KL)
divergence is added to the PPO algorithm. The KL divergence
is used to measure the “distance” between two probability dis-
tribution functions, and its expression is given by the following
equation.

KL [P (X) ‖ Q(X)] =
∑
x∈X

[
P (x) log

P (a)

Q(x)

]

=
∑
x∈X

[
P (x) log

P (a)

Q(x)

]
(16)

PPO Algorithm.
1: begin
2: Initial policy function parameters θ0, and value function

parameters w0

3: for i ∈ {1, . . . , N} do
4: Using θk to interact with the environment to collect

{st, at}
5: Computing advantage function Aθk

(st, at)
6: Find policy function parameters θ to optimize

JPPO(θ)
7: end for

The KL divergence and importance sampling together affect
the training speed and accuracy of the AC algorithm. The final
likelihood function is

Jθk

PPO (θ) = Jθk

PPO (θ)− βklKL (θ, θ′) , (17)

where βkl is the adaptive KL divergence constraint.
The PPO algorithm is as follows.

D. Reinforcement Learning State Space

The learning process of reinforcement learning can be ex-
pressed as Markov decision processes (MDPs). Assuming that
the state space of the environment E where the agent is located
is S, all states st ∈ S in the environment E can be perceived by
the agent, and the set of all actions a of the agent is the action
space A. At a certain time t, the agent obtains the state st of
its environment, performs an action at, affects the current state
st, and changes the current state st to another state st+1 via the
state transition function P. The change of state will cause the
reward function R to feed back the corresponding reward rt to
the agent. By continuously selecting the next action a � A and
obtaining the corresponding reward r, the current environment
finally reaches the terminal state.

For the agent to train a better policy function π, it is necessary
to provide the agent with as much accurate and useful environ-
mental information as possible. State information can accurately
describe various important information in a distributed machine
learning cluster, including not only the execution speed and
model performance of distributed learning tasks, but also related
information such as the resource allocation of tasks in the
distributed cluster.

In this work, Nt is used to denote the number of learning
tasks performed in the distributed learning cluster at the t-th
sampling. By adjusting the number of learning nodes for each
distributed learning task, the model performance and training
time of multiple distributed learning tasks are balanced. The
state information obtained at the t-th sampling can be described

as st = (
⇀

mt,
⇀

et,
⇀

lt,
⇀

nt,
⇀

at,
⇀

ct,
⇀

wt).
⇀

mt is an N-dimensional vector representing N tasks being
performed in the distributed learning cluster at the t-th sam-
pling.

⇀

et is an N-dimensional vector representing the number
of iterations that the corresponding task has completed at the

t-th sampling.
⇀

lt is an N-dimensional vector representing the
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loss function value of each task in the current iteration cycle at
the t-th sampling.

⇀

nt is an N-dimensional vector representing the
maximum loss function value of each task until the t-th sampling.
⇀

at is an N-dimensional vector representing the model accuracy
of N tasks in the current iteration cycle at the t-th sampling.

⇀

ct
is an N-dimensional vector representing the usage time of the
computing nodes by N tasks in the current iteration cycle at the
t-th sampling.

⇀

wt is an N-dimensional vector representing the
proportion of computing nodes owned by each task in the current
iteration cycle at the t-th sampling.

E. Reinforcement Learning Action Spaces

Reinforcement learning agents take actions based on the col-
lected environmental states. When using reinforcement learning
for the resource scheduling of distributed learning tasks, the
reinforcement learning agent must obtain the model state infor-
mation of all running tasks, and the policy function then selects
the next action to execute. The resource scheduler performs this
action to schedule computing resources. Therefore, the period of
action change is the maximum value among the training iteration
periods of these tasks.

In reinforcement learning, different actions have different
effects on the environment in which the agent is. Suppose the
two-dimensional action space in a distributed environment is
[N, M]; then, the selection range of the action space is N∗M.
When the values of N and M are both large, the number of
actions that the reinforcement learning agent must learn is
very large, which increases the training cost of reinforcement
learning and leads to a significant decrease in the convergence
speed.

A simple action strategy is therefore designed: the agent’s next
action directly increases or decreases the number of computing
nodes assigned to a task. The action is defined as at = i, and
its specific meaning is as follows: when i > 0, the number of
computing nodes for the i-th task is increased; when i < 0,
the number of computing nodes for the i-th task is reduced;
when i= 0, the agent does not change the number of computing
nodes.

VII. EXPERIMENTS AND RESULTS

A. Experimental Setup

1) Experimental Environment: The server used in this exper-
iment had 48 GB of memory, two 1080Ti graphics cards, and
a 2.5 TB hard disk. The CPU was an Intel CoreTM i7-8700K,
and the operating system was Ubuntu 18.04.6 LTS. The Docker
version used in this research was 20.10.10.

Based on the latest version of the image released by Tensor-
Flow, the container image of the distributed learning system was
constructed, and the image was used as the bottom layer to build
computing nodes to form a distributed computing cluster.

2) Experimental Data: There were two types of distributed
learning task in this experiment: convolutional neural net-
work (CNN)-based image classification, residual neural network
(ResNet)-based image classification.

Fig. 5. Prediction results of the proposed LSP method.

In order to investigate the scalability of the proposed method
on datasets of different scales, this experiment used image
datasets of different scales, 40000, 60000, and 120000 respec-
tively. In the following text, they are defined as small-scale
data, medium-scale data, and big-scale data. Although 120000
images are not considered a large scale in many systems, due
to the hardware condition limitations of our server, more data
can significantly increase the training time, making it difficult
to conduct the experiments.

In order to investigate the scalability of the proposed method
on different scale computing nodes, experiments were conducted
on different computing node scales, namely 8, 12, and 16.

When training a distributed learning model, there are two
conditions for ending the task, namely that the specified number
of iterations has been reached or the model has converged. The
specified number of iterations refers to the number of training
times for the learning task preset by the user. Once the model
reaches the convergence state, the accuracy of the model has
exhibited little improvement and the loss function value has
converged to a certain fixed value.

B. Experimental Results

1) Task Volume Prediction and Resource Allocation: The
task volume of distributed learning can be represented by the
size of the dataset used by the distributed learning model. In this
research, the traffic data of the core network of a city in Europe
were used as the training data to test the prediction algorithm.
This dataset was collected from the Internet traffic data of a city
in Europe from 06:57 on June 7, 2005, to 11:17 on July 31, 2005
[29]. The prediction results are shown in Fig. 5.

In Fig. 5, the orange line is the actual task value, and the blue
line is the prediction result of the proposed LSP method, which
achieved an accuracy rate of 97.1%. Although Internet traffic
is not the number of machine learning tasks, this paper argues
that they all represent the cyclical nature of how humans use
networks and computers. The experimental results show that the
method can be used for task volume prediction and can maintain
a high model accuracy.

In the case of the same number of tasks, different numbers
of running computing nodes will impose different computing
pressures on each computing node. Suppose the number of
computing nodes is 60. Based on the static resource allocation
method, 30 computing nodes were used. Fig. 6 shows the average
number of tasks that each computing node needs to complete
based on the proposed resource allocation method and the static
resource allocation method. As can be seen from the figure, the
proposed resource allocation scheme significantly reduced the
number of tasks completed by each computing node in all cycles.
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Fig. 6. Average number of tasks completed by each computing node.

This avoids processing performance degradation from running
too many tasks on a single computing node.

2) Resource Scheduling Experiment: 1. Performance
Comparison

For the resource scheduling experiment, several resource
scheduling methods were selected as the baseline methods: (1)
FS, in which the distributed learning task allocates all computing
resources equally, (2) FCFS, in which, when a task is executed,
the task occupies all computing resources, (3) SLAQ, (4) Dol-
phin, and (5) TRADL.

(1) Experiment 1
The experiment consists of 12 computing nodes divided into

three compute clusters. The learning task involved only CNN-
based image classification tasks, with a total of 12 computational
tasks, using 3 types of data sets of different sizes. In order to
objectively reflect the impact of β on accuracy and time, the
same specified β value is used for different data sizes. Each
method is repeated 20 times to achieve stable results.

Fig. 7 shows the performance of the models trained by dif-
ferent methods on different scales of data. “β = 0.00005” in the
figure is a simplified representation of “RLPTO β = 0.00005”.
The proposed scheduling method relies on the reward function,
which takes into account both accuracy and training time. At
multiple β values, RLPTO can achieve higher model accuracy
and shorter training time than other methods on small-scale
data. The accuracy performance of RLPTO is comparable to
SLAQ and higher than other methods on medium and large scale
data. However, on large-scale data, the training time of RLPTO
is shorter than that of FS, SLAQ and Dolphin in most cases.
This shows that RLPTO tends to use more compute nodes to
improve the training efficiency when facing learning tasks with
large-scale data. Shorter training times come at the expense of
some accuracy. If a user requires higher accuracy, the user can
adjust the β value for better accuracy performance.

Table II shows the average accuracy of the model trained on
three datasets of different sizes and the average total time for
each method to complete the 12 tasks.

Using the FS method, the numbers of computing nodes al-
located to the three parameter servers were (3, 3, 4). Because
each computing node only computed a portion of the data set,

Fig. 7. Performance of different methods on different scales of data.

TABLE II
MODEL PERFORMANCE AND EFFICIENCY WITH 12 COMPUTING NODES

the accuracy of the distributed learning task model and the task
completion time were both at an intermediate level.

In the FCFS scheduling experiment, all compute nodes were
used in the execution of each task, but the data amount of
each compute node was the least, resulting in a large difference
in calculated gradients, so the model accuracy was poor and
the model convergence was slow, resulting in a longer overall
training time.
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TABLE III
MODEL PERFORMANCE AND EFFICIENCY WITH 16 COMPUTING NODES

SLAQ scheduling method takes model performance as evalu-
ation criterion. Because the change value of loss function shrinks
continuously in the process of distributed learning and training,
the performance of the obtained model is higher than FCFS,
Dolphin and TRADL, but the completion time is longer than
FS, Dolphin, TRADL and RLPTO (β>0.00005).

The Dolphin algorithm pays more attention to the communi-
cation time and training time. The algorithm achieved better
scheduling in terms of time, but the model accuracy of the
distributed learning system was reduced.

TRADL is divided into two stages for training, when the
accuracy of the model reaches a goal, the model is handed over
to the user, so its training process is fastest.

The RLPTO resource scheduling method uses the dual indi-
cators of model accuracy and training time to jointly judge the
training stage of the tasks. As the β value increased, the average
accuracy of the models decreased, and the task completion
time also decreased. When β <0.0001, the average accuracy of
RLPTO was higher than other methods, but the task completion
time was relatively long, and the average accuracy of RLPTO
was slightly lower when β>0.0005. When β = 0.0001, RLPTO
enables the model to achieve higher accuracy and shorter training
times than SLAQ.

(2) Experiment 2
In this study, another set of experiments was conducted to

verify the scalability of the method, which included 16 compute
nodes divided into 4 compute clusters, with the remaining condi-
tions unchanged. The experimental results are shown in Table III,
and the average accuracy of different methods is not much
different from that of experiment 1. It is worth noting that this
study uses Docker to build distributed machine learning clusters.
As the number of compute nodes increases, the computing power
of a single compute node decreases slightly, so the total task
completion time does not decrease significantly.

2. The β value
Fig. 8 shows the effects of β on the model accuracy and

training time for three different datasets of different sizes and
2 types of tasks. Due to differences in accuracy and training
time under different scale data, the data shown in the figure is

Fig. 8. Influence of β value on the accuracy and training time of CNN model
under different data scales.

TABLE IV
RECOMMENDED β VALUES

the difference from the lowest value, which is called relative
accuracy and relative training time. This allows for a better
description of how accuracy and training time change with β
value. As can be seen from the figure, as the β value increases,
the accuracy of the model decreases and the time to complete
the task decreases. The value of β can be determined by the user
according to their own needs, if the user wants a higher accuracy,
it is recommended that the value of β range is [0.00003, 0.0001],
if the user wants a shorter training time, the recommended
value of β range is [0.0003, 0.0005]. Considering the accuracy
and training time, the reasonable range of β values is [0.0001,
0.0003]. It can be seen from the figure that the model accuracy
trained on the large-scale data is less affected by the value of β,
but the training time is more affected by the value of β. The
accuracy of the model trained on small-scale data is greatly
affected by the β value, but the training time is less affected
by the β value. Therefore, this paper suggests that when the
data size is small, choose a smaller β to pursue higher accuracy,
and when the data size is large, choose a larger β to pursue a
shorter training time. The recommended beta values are shown
in Table IV.

3. Number of computing nodes
Fig. 9 shows the impact of the number of computing nodes

on the accuracy and training time of a single learning task. It
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Fig. 9. Impact of the number of computing nodes on accuracy and training
time.

TABLE V
TASK COMBINATIONS

can be seen from the figure that as the number of computing
nodes increases, the training time continuously decreases but
the accuracy gradually decreases. This is because when the
training data is divided into multiple parts and distributed to
different computing nodes, each computing node can only use
a portion of the data for training, which can lead to a decrease
in the performance of the model on a single node, resulting
in a decrease in the accuracy of the entire task. In addition,
more computing nodes bring higher communication overhead,
so the time efficiency benefits of increasing computing nodes
will gradually decrease. Overall, when the number of computing
nodes of a task is between 2 and 4, there is a more balanced
performance in training time and accuracy.

4. Distributed Learning System Reward
The distributed learning system throughput is the total reward

of the distributed learning tasks within a certain time. When
multiple tasks have different urgency, the rewards for performing
tasks with different urgency are different. In the experiment, it
was supposed that the award of the highest-priority task was 80
points, and other tasks were given 10 to 40 points according to the
task priority. There are a total of 12 tasks in this experiment, and
the system randomly assigns priority to 12 tasks, which use three
datasets of different sizes. The first four tasks used large-scale
data sets, the middle four used medium-scale data sets, and the
last four used small-scale data sets. The 12 tasks form several
task combinations with different priority distributions, as shown
in Table V.

The training time for this experiment is 120 minutes, and
the reward score is recorded every 1000 seconds. In order to
make the experimental comparison more reliable, we did not
let β be 0.0001 in this experiment, but let β be a more general

Fig. 10. Experimental results of task combinations with different priorities.

value of 0.0003. The TRADL algorithm has a short training time
due to early termination, so the reward score will not increase
after 100 minutes. The experimental results of different priority
task combinations are shown in Fig. 10. The results indicate that
RLPTO is beneficial for distributed learning clusters to schedule
tasks and resources according to the needs of different users,
respond to urgent or timely processing of high priority tasks.
From the beginning to 60 minutes, there are sufficient tasks
to be scheduled, and the RLPTO algorithm obtains more task
rewards faster than other algorithms. The number of tasks in
this experiment is fixed, but in reality, machine learning tasks
are generated by users without time constraints. When there are
many tasks that need to be scheduled, the RLPTO algorithm
can respond to high priority tasks in a timely manner, which
can maximize the overall system performance of the distributed
learning cluster.

In fact, the start time of each learning task is different.
Therefore, this paper takes the average reward of each resource
scheduling method as the evaluation index. Fig. 11 shows the
average reward of different resource scheduling algorithms un-
der different task combinations. As can be seen from the figure,
the proposed RLPTO method obtains the highest reward value
under the four task combinations and shows very good learning
task throughput.

VIII. DISCUSSION

When the reinforcement learning method is used to schedule
distributed computing resources, each action is to adjust the
resources of one parameter server. Therefore, the amount of re-
sources adjusted by an action accounts for a small proportion of
the whole cluster resources. As a result, the resource scheduling
is not fast enough. In addition, the method mainly considers the
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Fig. 11. Average reward of different task resource scheduling algorithms.

scheduling of computing resources, and does not consider the
data management and scheduling in machine learning.

The scheduling algorithm proposed in this paper reduces the
training time of machine learning tasks, so that limited compute
nodes can handle more machine learning tasks per unit time. The
algorithm improves the efficiency of resource utilization, so as
to reduce the total number of computing nodes, and reduces the
energy consumption.

IX. CONCLUSION

This paper proposed a task volume prediction method called
LSP based on the combination of long- and short-term data,
which can more accurately predict the future task volume. It
then calculates the most appropriate number of working nodes
via a heuristic algorithm. The results of experiments show that
the resource allocation scheme based on LSP can relieve the task
pressure of computing nodes and ensure the normal operation
of nodes.

In terms of task scheduling, three task queues are established
according to the type and priority of the task. Tasks are assigned
to one of three task queues according to their urgency, ensuring
that urgent and high-priority tasks can start training earlier.
Moreover, a reinforcement learning-based resource scheduling
strategy was proposed. Based on the model performance and
training time, the reward function, action space, and state space
of RLPTO were designed to dynamically adjust the resources
occupied by every task. The results of experiments demonstrate
that the model accuracy of large-scale data training is less af-
fected by the value of β, but the training time is more affected by
the value of β. The accuracy of the model trained on small-scale
data is greatly affected by theβ value, but the training time is less
affected by the β value. RLPTO scheduling method tends to use
more computing nodes when facing tasks with large scale data.
This paper suppose to determine β value based on the data scale.
Small-scale data can use smaller β to pursue higher accuracy.
Large scale data should choose a larger β to reduce the training
time.

In this paper, a large number of experiments are carried out
on different scale data sets with different number of computing
nodes. The experimental results show that the resource schedul-
ing method RLPTO proposed in this paper has good scalability.

RLPTO combines resource scheduling with task scheduling to
maximize the reward of distributed computing clusters. Exper-
iments show that compared with FS, FCFS, SLAQ, Dolphin
and TRADL, RLPTO can make the computing cluster get the
maximum reward in different task combinations. In the future,
we will further study how to improve the scheduling efficiency
of RLPTO.

REFERENCES

[1] C.-L. Chang, H.-M. Tseng, and H.-T. Chu, “Fireworks image classification
with deep learning,” in Proc. Int. Conf. Technol. Appl. Artif. Intell., 2021,
pp. 311–314, doi: 10.1109/TAAI54685.2021.00067.

[2] Z. Huang, C. O. Dumitru, and J. Ren, “Physics-aware feature learn-
ing of SAR images with deep neural networks: A case study,” in
Proc. IEEE Int. Geosci. Remote Sens. Symp., 2021, pp. 1264–1267,
doi: 10.1109/IGARSS47720.2021.9554842.

[3] P. Wang, “Research and design of smart home speech recognition system
based on deep learning,” in Proc. Int. Conf. Comput. Vis. Image Deep
Learn., 2020, pp. 218–221, doi: 10.1109/CVIDL51233.2020.00-98.

[4] S. Wan, “Research on speech separation and recognition algorithm based
on deep learning,” in Proc. IEEE Int. Conf. Power Intell. Comput. Syst.,
2021, pp. 722–725, doi: 10.1109/ICPICS52425.2021.9524204.

[5] H. A. C. Okan Sakar, “A dynamic recurrent neural networks-
based recommendation system for banking customers,” in Proc.
29th Signal Process. Commun. Appl. Conf., 2021, pp. 1–4,
doi: 10.1109/SIU53274.2021.9477967.

[6] G. Huang, “E-commerce intelligent recommendation system based on
deep learning,” in Proc. IEEE Asia-Pacific Conf. Image Process. Electron.
Comput., 2022, pp. 1154–1157, doi: 10.1109/IPEC54454.2022.9777500.

[7] S. Roy et al., “Deep learning for classification and localiza-
tion of COVID-19 markers in point-of-care lung ultrasound,” IEEE
Trans. Med. Imag., vol. 39, no. 8, pp. 2676–2687, Aug. 2020,
doi: 10.1109/TMI.2020.2994459.

[8] S. Xue et al., “Development of a deep learning method for CT-free
correction for an ultra-long axial field of view PET scanner,” in Proc.
IEEE 43rd Annu. Int. Conf. Eng. Med. Biol. Soc., 2021, pp. 4120–4122,
doi: 10.1109/EMBC46164.2021.9630590.

[9] M. Patel, A. Das, V. K. Pant, and M. J., “Detection of tuber-
culosis in radiographs using deep learning-based ensemble meth-
ods,” in Proc. Smart Technol. Commun. Robot., 2021, pp. 1–7,
doi: 10.1109/STCR51658.2021.9588936.

[10] S. Kim, N. Pham, W. Baek, and Y. Choi, “Machine-learning based per-
formance estimation for distributed parallel applications in virtualized
heterogeneous clusters,” in Proc. IEEE 37th Int. Conf. Distrib. Comput.
Syst., 2017, pp. 2610–2611, doi: 10.1109/ICDCS.2017.310.

[11] W. Xiao et al., “Distributed graph computation meets machine learn-
ing,” IEEE Trans. Parallel Distrib. Syst., vol. 31, no. 7, pp. 1588–1604,
Jul. 2020, doi: 10.1109/TPDS.2020.2970047.

[12] A. Abd Elrahman, M. El Helw, R. Elshawi, and S. Sakr, “D-
smartML: A distributed automated machine learning framework,” in
Proc. IEEE 40th Int. Conf. Distrib. Comput. Syst., 2020, pp. 1215–1218,
doi: 10.1109/ICDCS47774.2020.00115.

[13] M. Abadi et al., “Tensorflow: A system for large-scale machine learn-
ing,” in Proc.12th USENIX Symp. Operating Syst. Des. Implementation,
Savannah, 2016, pp. 265–283.

[14] D. Amodei et al., “Deep speech 2: End-to-end speech recognition in
English and Mandarin,” in Proc. Int. Conf. Mach. Learn., New York, NY,
USA City, 2016, pp. 173–182.

[15] F. N. Iandola et al., “FireCaffe: Near-linear acceleration of deep neural
network training on compute clusters,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., Las Vegas, 2016, pp. 2592–2600.

[16] S. Jeon et al., “MapReduce tuning to improve distributed machine learning
performance,” in Proc. IEEE 1st Int. Conf. Artif. Intell. Knowl. Eng., 2018,
pp. 198–200, doi: 10.1109/AIKE.2018.00045.

[17] W. Zhao and J. A. Stankovic, “Performance analysis of FCFS and improved
FCFS scheduling algorithms for dynamic real-time computer systems,” in
Proc. Real-Time Syst. Symp., 1989, pp. 156–165.

[18] M. Isard et al., “Quincy: Fair scheduling for distributed computing clus-
ters,” in Proc. ACM SIGOPS 22nd Symp. Operating Syst. Princ., 2009,
pp. 261–276.

https://dx.doi.org/10.1109/TAAI54685.2021.00067
https://dx.doi.org/10.1109/IGARSS47720.2021.9554842
https://dx.doi.org/10.1109/CVIDL51233.2020.00-98
https://dx.doi.org/10.1109/ICPICS52425.2021.9524204
https://dx.doi.org/10.1109/SIU53274.2021.9477967
https://dx.doi.org/10.1109/IPEC54454.2022.9777500
https://dx.doi.org/10.1109/TMI.2020.2994459
https://dx.doi.org/10.1109/EMBC46164.2021.9630590
https://dx.doi.org/10.1109/STCR51658.2021.9588936
https://dx.doi.org/10.1109/ICDCS.2017.310
https://dx.doi.org/10.1109/TPDS.2020.2970047
https://dx.doi.org/10.1109/ICDCS47774.2020.00115
https://dx.doi.org/10.1109/AIKE.2018.00045


LU et al.: RLPTO: A REINFORCEMENT LEARNING-BASED PERFORMANCE-TIME OPTIMIZED TASK 3279

[19] M. Zaharia et al., “Delay scheduling: A simple technique for achieving
locality and fairness in cluster scheduling,” in Proc. 5th Eur. Conf. Comput.
Syst., 2010, pp. 265–278.

[20] W. Wang, B. Li, and B. Liang, “Dominant resource fairness in cloud
computing systems with heterogeneous servers,” in Proc. IEEE Conf.
Comput. Commun., 2014, pp. 583–591.

[21] F. Yan et al., “Performance modeling and scalability optimization of
distributed deep learning systems,” in Proc. 21th ACM SIGKDD Int. Conf.
Knowl. Discov. Data Mining, Sydney, 2015, pp. 1355–1364.

[22] Y. S. L. Lee et al., “Dolphin: Runtime optimization for distributed machine
learning,” in Proc. Int. Conf. Mach. Learn. ML Syst. Workshop, New York,
NY, USA City, 2016, pp. 1–14.

[23] C. Gao, R. Ren, and H. Cai, “GAI: A centralized tree-based scheduler for
machine learning workload in large shared clusters,” in Proc. Int. Conf.
Algorithms Architectures Parallel Process., Cham, Switzerland: Springer,
2018, pp. 611–629.

[24] J. Gu et al., “Tiresias: A GPU cluster manager for distributed deep learn-
ing,” in Proc. 16th USENIX Symp. Networked Syst. Des. Implementation,
2019, pp. 485–500.

[25] Y. Peng et al., “Optimus: An efficient dynamic resource scheduler for deep
learning clusters,” in Proce. 13th EuroSys Conf., 2018, pp. 1–14.

[26] H. Zhang et al., “SLAQ: Quality-driven scheduling for distributed machine
learning,” in Proc. Symp. Cloud Comput., 2017, pp. 390–404.

[27] W. Zheng et al., “Target-based resource allocation for deep learning
applications in a multi-tenancy system,” in Proc. IEEE High Perform.
Extreme Comput. Conf., 2019, pp. 1–7.

[28] Y. S. L. Lee et al., “Dolphin: Runtime optimization for distributed machine
learning,” in Proc. ICML ML Syst. Workshop, 2016. pp. 1–14.

[29] R. Hyndman, “Time series data library [EB/OL],” 2018. [Online]. Avail-
able: https://pkg.yangzhuoranyang.com/tsdl

Xiaofeng Lu (Member, IEEE) received the PhD
degree from the Beijing University of Aeronautics
& Astronautics, Beijing, China, in 2010. He is an
associate professor with the School of Cyberspace
Security, Beijing University of Post and Telecommu-
nications. During his PhD, he held visiting scholar
positions with the Computer Laboratory, University
of Cambridge, U.K. His main research interests in-
clude cyberspace security, information security, and
artificial intelligence.

Chao Liu received the MS degree in cyberspace
security from the Beijing University of Posts and
Telecommunications, China in 2022. His current re-
search interests include distributed machine learning
and resource scheduling.

Senhao Zhu received the BS degree in computer
science and technology from the Beijing University
of Posts and Telecommunications, in 2023. He is
currently working toward the MS degree with the
School of Cyberspace Security, Beijing University of
Posts and Telecommunications, China. His current re-
search interests include distributed machine learning
and resource scheduling.

Yilu Mao received the BS and PhD degrees in com-
puter science and technology from the China Uni-
versity of Science and Technology, China, in 2004
and 2009. He is the director with Alibaba Cloud
Intelligence Business Group. His current research
interests include cloud computing, OS, and resource
scheduling.

Pietro Lio is a professor with the University of
Cambridge, Computer Laboratory in England and
fellow and director of Studies with the Fitzwilliam
College of University of Cambridge. He is currently
modeling biological processes on networks; model-
ing stem cells; developing transcription and phyloge-
netic applications on a grid environment. He is also
interested in bio-inspired design of wireless networks,
epidemiological networks

Pan Hui (Fellow, IEEE) is a chair professor of com-
putational media and arts and director of the Centre
for Metaverse Research with the Hong Kong Univer-
sity of Science and Technology (Guangzhou) and a
chair professor of Emerging Interdisciplinary Areas,
Hong Kong University of Science and Technology.
He is also the Nokia chair in data science with the
University of Helsinki. He is a leading expert in Aug-
mented Reality and Mobile Computing, with more
than 450 research papers, 32 patents, and more than
27,000 citations. He is an International fellow of the

Royal Academy of Engineering, an ACM distinguished scientist, and a member
of the Academia Europaea.

https://pkg.yangzhuoranyang.com/tsdl


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


