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Edge computing is one of the promising technologies that aim to enable timely computation at the network edge.
Major service providers started to deploy geographically-distributed edge servers several years ago. A major chal-
lenge in geographically distributed edges is task scheduling, i.e., how to assign various tasks submitted by mobile
users to distributed edges so as to optimize some metric. However, it is not easy to perform task scheduling in
geographically-distributed edges. We observed that there are three major challenges in designing an efficient task
scheduling solution in dynamic edge environments: heterogeneous tasks, dynamic edge networks, and heteroge-
neous edge servers. In this paper, we pursue a black-box solution for task scheduling in the collaborative edge
environment while not relying on detailed analytical performance modeling. We propose Reload, an intelligent
deep reinforcement learning-based task scheduler. Reload learns a policy purely based on the known informa-
tion, without foreseeing the future. Reload depicts its policy as a neural network that maps “raw” observations
to scheduling actions. During training, Reload starts out knowing nothing and gradually learns to make better
scheduling decisions through reinforcement, in the form of reward signals for past decisions. Reload leverages

Advantage Actor Critic to train the policy network. We evaluate Reload using extensive simulations.

1. Introduction

There is an explosive growth in the volume of the data generated at
the edge of the Internet in recent years. For example, a high-definition,
traffic monitoring camera can generate several terabytes of data in a
day [1]. Besides, more and more computation-intensive applications
such as interactive gaming, real-time video analytics and virtual or aug-
mented reality are becoming more and more popular at the network
edge; what is worse, these applications usually demand low delay. Cloud
computing seems to be unable to timely handle such large amounts of
data, since, on the one hand, transmitting such large amounts of data
to centralized compute clusters incurs a non-negligible latency. On the
other hand, linearly-increased computation capabilities in centralized
compute clusters cannot match the data generated in the network edge
with an exponential growth.

Edge computing is one of the promising technologies that aim to
enable timely computation at the network edge [2]. Major service
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providers started to deploy geographically-distributed edge servers sev-
eral years ago. For example, over 1400 edge servers are deployed by
Google [3]. With these geo-distributed edge servers, end users can have
low-latency edge service anytime and anywhere, which greatly miti-
gates the effect of large amounts of data on backbone networks and
centralized data centers.

Task scheduling is key to geographically distributed edges, i.e., how
to assign various tasks submitted by mobile users to distributed edges
so as to optimize some metric, e.g., the average task response time, the
number of tasks finished before their deadlines. Previous works fall short
in performing task scheduling in geographically-distributed edges. Most
of them [1,4-6] focused on offloading bursty task requests to one sin-
gle server or device. Some other studies on edge collaboration aimed to
highlight its advantages in the device-to-device environments. For ex-
ample, the work in [7] proposed a method to achieve energy-efficient
collaborative task execution. These studies probably fail since most of
them hardly consider the dynamics of the edge environments.
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It is not easy to perform task scheduling in geographically-
distributed edges. We observed that there are three major challenges
in designing an efficient task scheduling solution in dynamic edge en-
vironments. Firstly, user tasks are heterogeneous and dynamic in terms
of task workload!, task deadline, task input size, etc. The heterogeneity
of user tasks prohibit some efficient design of algorithms. Secondly, the
edge networks are often dynamic in terms of bandwidth, especially the
upload bandwidth from the end users to edge servers (which are usu-
ally deployed together with a cellular base station or an access point).
Thirdly, the workloads of different servers may differ significantly, since
edge servers are geographically distributed and such geographical dif-
ference makes edge servers preferred by different end users.

In this paper, we consider the following general scenario. A number
of heterogeneous edge servers are deployed in a local area. Each edge
server is associated with an access point (AP). An AP could be a cellu-
lar base station, a WiFi router, or any other hardware that can receive
and send messages. Hence, these edge servers are connected wirelessly.
These APs and edge servers form the collaborative edge environment, since
they collaboratively serve end users by executing the tasks offloaded
from end users and sending analytics results back to them too. In such a
scenario, mobile users can move anywhere and anytime. Each user can
offload its task to the collaborative edge environment for quick execu-
tion. Usually, a user submits its task via the nearest AP from itself. Note
that, as we mentioned before, the bandwidth between each user and the
AP is often dynamic over time. In this paper, we aim to minimize the
average response time of all tasks offloaded to the collaborative edge en-
vironment. The response time of a task is defined as the time difference
between when the task is submitted to the collaborative edge environ-
ment and when the task analytics results are sent back to the user. When
a user submits its task to the edge environment, the edge environment
must determine to which edge servers this task should be offloaded and
by what ratio, i.e., how much workload of this task should be offloaded
to each edge server. To this end, we must intelligently perform the task
scheduling.

However, task scheduling in collaborative edge environments opti-
mally is hard for the following reasons. Firstly, since the completion
time of a task relies on not only itself but also other tasks in the pending
queues on each server, thus it requires information of future tasks to
solve the current optimization problem. Secondly, since an edge server
schedules tasks with the first come first served (FCFS) strategy, the cur-
rent decision also affects the completion time of future tasks. Thirdly, the
completion time of a task depends on the workload of pending queues,
thus it is impossible to give a closed-form expression for a completion
time.

Therefore, we pursue a black-box solution for task scheduling in
the collaborative edge environment while not relying on detailed an-
alytical performance modeling. We choose deep reinforcement learn-
ing (DRL) [10,11] as it has shown its advantages in solving many hard
problems in various research fields. However, integrating DRL into the
proposed problem is challenging due to limited scheduling budget and
large decision space. Firstly, for a scheduling problem, there exists a
tradeoff between scheduling quality and scheduling overhead. High-
quality scheduling can effectively reduce task completion time, but at
the cost of consuming a long scheduling time. Secondly, in our prob-
lem, we have to not only decide the target edge servers but also the
percentages of offloaded workloads, leading to a large decision space.
These two intrinsically intertwined challenges together complicate the
considered problem.

We propose Reload, an intelligent deep reinforcement learning-
based task scheduler that is customized for task offloading in collab-
orative edge environments. Reload learns a policy purely based on the
known information, without foreseeing the future. Reload depicts its

! Task workload is quantified by the amount of computations (i.e., the total
number of CPU cycles) required to accomplish a task [8,9].
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policy as a neural network that maps “raw” observations to schedul-
ing actions. The neural network incorporates a rich diversity of obser-
vations into the scheduling policy in a scalable manner. During train-
ing, Reload starts out knowing nothing and gradually learns to make
better scheduling decisions through reinforcement, in the form of re-
ward signals for past decisions. Reload leverages Advantage Actor Critic
(A2C) [12] to train the policy network, which takes the edge network
situation, server statistics, and task features as inputs and selects an op-
timal action through the output (e.g., action distribution). We evaluate
Reload using extensive simulations.
The main contributions are summarized as follows.

* We consider a scenario in which edge servers are wireless connected
and collaboratively execute tasks offloaded from various end users.

¢ We design and implement Reload. Although the tasks, edge net-
works, and edge servers have their own heterogeneities and dynam-
ics, they have hidden laws which should help us perform scheduling
if we can learn the laws.

¢ We conduct extensive simulations to evaluate the performance of
Reload. The evaluation results confirm the effectiveness of Reload.

The rest of the paper is organized as follows. We motivate our study
in Section 2. We introduce the task scheduling problem in Section 3.
We then present Reload in Section 4. Evaluation is given in Section 5.
We survey related work in Section 6. We discuss limitations and future
work in Section 7 and conclude the paper in Section 8.

2. Motivation

In this section, we motivate our study by showing the dynamics of
the edge environments from three different and possibly orthogonal as-
pects, namely, heterogeneous tasks, dynamic edge networks, and het-
erogeneous edges.
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2.1. Heterogeneous tasks

Edge environments are often open and dynamic compared with the
cloud environment. Mobile users in an edge environment can submit
any types of tasks that have heterogeneous task workloads, input sizes,
and deadlines. To demonstrate this, we collected the task information
submitted to an IoT agent in the power IoT system of State Grid Jiangsu.
In this system, various end devices connect to one or several IoT agents
and all the IoT agents connect to the IoT management platform located
at the remote cloud. An IoT agent can be seen as an edge server and it can
help end devices to run computation-intensive tasks. The task statistics
is shown in Figs. 1-3.

Fig. 1 shows the heterogeneous workloads of various tasks collected
in a typical edge environment. We see that the largest task in terms of
workload could be nearly 4x larger than the smallest one, and about
30 % percent of tasks have over 130 % of the average workload of all the
50 tasks. Similar observations can be found in Figs. 2 and 3 For example,
in Fig. 3, the longest deadline is nearly 12x larger than the smallest
one.

Such heterogeneity of the user tasks brings challenges to efficient
task scheduling in the collaborative edge cloud environment. If all tasks
have similar workloads, then we can pre-find some optimal or near-
optimal scheduling strategy to achieve a good scheduling performance,
so as to save the scheduling overhead for each single user task. However,
these heterogeneous tasks make this approach not appropriate.

2.2. Dynamic edge networks
In our paper, we assume mobile users freely move within the tar-

get area in the collaborative edge cloud environment. There are two
sources of the time-varying upload bandwidths from each mobile user
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to the edge servers: one is the user mobility, and the other is the time-
varying nature of the upload and download links between devices and
base stations.

Figs. 5 and 6 show the time-varying upload and download band-
widths of two ATT-LTE network traces in the Mahimahi project [13].
We can see from these two figures that, there is hardly any pattern that
can be learned to model the time-varying bandwidths. For example, time
periods with either extremely low or high bandwidths seem to randomly
emerge along the time dimension; the upload link bandwidth has little
relationship with the download link bandwidth.

These unpredictable bandwidths further increase the difficulty of de-
vising an efficient scheduling approach in such a dynamic and open en-
vironment.

2.3. Heterogeneous edges and imbalanced workloads

Edge servers are also heterogeneous in terms of their processing
speeds, storage sizes, and so on. For example, Nvidia AGX Xavier has
512-core Volta GPU with 64 Tensor cores and 32 GB 256-bit LPDDR4x,
while Raspberry Pi4 has only 1.5 Ghz Cortex-A72 with 4 GB LPDDR4
SDRAM at most.

Besides, the workloads in different edge servers in a typical scenario
are also heterogeneous. Fig. 4 shows the imbalanced workloads of three
edge servers (i.e., IoT agents) in the power IoT system of State Grid
Jiangsu [14]. We see that, even these three edge servers have tremen-
dously different workloads over time, and the workload of each single
edge server also fluctuates over time. Such imbalance also makes the
task scheduling in a collaborative edge cloud environment not trivial.

The above illustrations are far from exhaustive. However, we believe
these examples illustrate a few representative scenarios. Thus, studying
the task scheduling problem in a collaborative edge cloud environment
should probably help us develop techniques that hold across many sim-
ilar scenarios.
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3. System model and problem formulation

In this section, we formulate the problem of task scheduling in the
collaborative edge environments. We also provide a formal mathemati-
cal formulation of the problem.

We divide time into discrete time slots, each of which has a duration
that matches the timescale at which task scheduling decisions can be
generated. We envision the following scenario. In a local area network,
there are in total N edge servers, e, e,, ..., and ey, deployed in this
scenario. These edge servers are usually deployed with APs, i.e., each
edge server is connected to an AP. When a user submits its task to the
collaborative edge environment, the controller decides how to schedule
the task so as to minimize the average response time of all submitted
tasks. Here, we assume there is a centralized controller which could be
any edge server, since all the edges constitute a collaborative edge cloud.
The edges in a collaborative edge cloud could exchange and update their
status periodically, and thus, keep the centralized controller knowing
the entire system state. When the controller produces the scheduling
results via Reload, it sends them to related edge servers. Then, these
edge servers can perform admission control or dispatch user tasks. The
delay between two edge servers e’ and ¢’ is g'~/. Take Fig. 7 for example,
there are N =4 edge servers connected by several MAN routers and
access points.

We assume the computing capacity of edge server ¢’ is ¢'. Following
a previous work [15], we assume that each edge server can process only
one task at any time. It is easy to see that there is no benefit in processor-
sharing with respect to the sum queueing-and-execution delay of the
tasks. The reason is as follows. In our work (i.e., Reload) and many
previous studies, the delay of a task contains the queueing delay and
the execution delay, in which the former denotes the delay of a task
waiting in the queue and the latter denotes the delay of execution the
task workload. Therefore, as long as the processor (e.g., CPU, GPU) is
fully utilized, there is no benefit in processor-sharing with respect to
the sum queueing-and-execution delay of the tasks. Furthermore, if a
single task cannot utilize the full computational capacity of an edge
server every time, we can simply take an edge server as two logical
edge servers.

An edge server may receive more than one tasks to execute. In this
case, an edge server uses first come first served (FCFS) to decide the or-
der of tasks to execute. More specifically, for each edge server, it main-
tains a FCFS queue which stores the tasks that are assigned to it. The
sum of the workloads in the pending queue of edge server ¢ at time ¢ is
denoted by p'[1].

Modern edge servers usually have plenty of storage, e.g., Nvidia Jet-
son AGX Xavier has up to 64GB eMMC 5.1 storage [16], while the input
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data of a user task is often less than several gigabytes. Thus, we do not
consider the storage constraints in this work.

Mobile end users move in the given scenario. Denote by u; the i-th
user. We assume that the time between two consecutive tasks from the
same user u; follows the exponential distribution with mean 4;, since the
exponential distribution is often used to simulate a wide variety of real
life events. Without loss of generality, let us safely suppose the current
task of mobile end user ; is task f;. The total workload size of task f; is
w;. Its deadline is d;, which means the task f; should be finished before
its deadline d;, otherwise the task analytics results would be useless. We
assume the release time of task f; is r;. The input data size of task f; is
z;. Its completion time is #;. Note that, the completion time is unknown
before the task is finished; we use this notation for simplicity.

In fact, the mobile end device of each user u; has a local comput-
ing capacity A;, which is relatively small compared with the computing
capacity of an edge server. When a user plans to offload its task to the
collaborative edge cloud, the user can reserve partial workload of the
task for its local processing.

In this paper, we assume that the workload of a user task is fine-
grained and permits arbitrary partitioning [17-19], and that the output
of a user task, i.e., the analytics results, can be constructed by consoli-
dating partial outputs from pieces of the workload. In fact, many tasks
in reality have these two properties, e.g., large matrix-vector products
and large file compression. These tasks have the characteristic that they
can be arbitrarily partitioned into any number of load fractions. These
load fractions may or may not have precedence relations. For example,
in the case of Kalman filtering applications, the data is arbitrarily divis-
ible but there may exist precedence relation among these data segments
or load fractions. On the other hand, if the load fractions do not have
precedence relations, then each load fraction can be independently pro-
cessed. These latter type of loads are the ones which are of interest to us.
Applications which satisfy this divisibility property include processing
of massive experimental data, image processing applications like fea-
ture extraction and edge detection, and signal processing applications
like extraction of signals buried in noise from multidimensional data
collected over large spans of time, computation of Hough transforms,
and matrix computations.

With these two reasonable assumptions, when the collaborative edge
cloud performs task scheduling, the total workload of a user task can be
freely distributed among multiple edge servers in any ratio, and the fi-
nal output of the user task can be derived by gathering partial outputs
from each piece of workload. Besides, following many previous works
[19-21], we assume the output of a user task is relatively small com-
pared with the input data size, therefore, we do not take the time for a
user to collect the output of its task into consideration. However, it is
not hard to extend our solution to handle this.

As we mentioned before, each end user can freely move, thus its
physical location may change over time. At any time, a user can be
covered by more than one access point, e.g., when a user is located at the
intersection of the coverage areas of two neighboring assess points. We
denote by bl’ [7] the upload bandwidth between user u; and edge server
¢/ at time t. These bandwidths are time-varying.

Main notations are summarized in Table 1 for quick reference.

When there is a task, the global/centralized controller must decide
to which edge and by what ratio to offload it, e.g., offload 20 % of the
workload of task f; to e;. Therefore, we use x{ to denote the percentage
of the workload of task f; that is offloaded to e/. Without causing any
confusion, we use x? to denote the workload processed locally by the
local computing capacity of user u;. Note that

/= 1. (€8]

M=
__X\

<.
Il
=]

For example, there are four edge servers in Fig. 7 Suppose user
u, generates a task f;. A feasible assignment could be x? = 0.2, x} =
0.3, x% =04, xf =0, and x‘l‘ = 0.1, which means 20% percent of the
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Table 1
Main notations for quick reference.
Symbol  Meaning Symbol  Meaning
N number of edge servers ¢ computing capacity of i-th edge server
e i-th edge server g delay between edge servers ¢’ and e’
u; i-th user h; local computing capacity of user u;
f task of user u; A; average time difference between the arrivals of two consecutive tasks
r release time of f; b[’ [1] upload bandwidth between user u; and server e’/ at time ¢
w; workload of f; E; set of servers that should process some workload from task f;
d deadline of f; tl time duration that server e/ finishes task f;
z; input data size of f; p'lr] workloads in the pending queue of server ¢’ at time ¢
t; completion time of f; x/ percentage of workload of f; offloaded to e’

workload of task f, would be processed locally, while 30 % of the work-
load would be offloaded to edge server e, and so on.

When a user offloads its task to the collaborative edge cloud, the
edge servers are not necessarily directly connected to the user. In this
case, the workload is offloaded to an edge server that is not directly
connected to the user along the shortest path (can be computed using
some shortest path algorithm, e.g., Dijkstra’s algorithm)) in terms of
delay. The red dotted lines in Fig. 7 illustrate the offloading paths. Note
that, Dijkstra’s algorithm is used to compute the shortest path between
a user and an edge server, not to decide which edge server to offload.

Let us put it more formally. Denote by E; the set of edge servers that
should process some workload from task f;, i.e.,

E ={|x/ >0,1<j < N}. @

For each ¢/ € E;, we can simply use some shortest path algorithm
(e.g., Dijkstra’s algorithm) to find the shortest path from user ; to edge
server ¢/. We use 5{ [7] to represent the delay of transmitting the input
data along the shortest path from y; to ¢/, that is, 6{ [1] = bf—Eﬂ Note that,
each edge server has a queue that stores the pending workloads. As
we have mentioned before, each edge server processes the workloads in
the pending queue in a FCFS manner. Therefore, for edge server ¢/ € E;,
when it receives the workload of task f;, the time is r; + 5{ [¢], which is
the sum of the release time and the delay. Thus, edge server ¢/ can finish
the workload of task f; by w We denote by t{ the time that
edge server ¢/ finishes the workload of task f;, that is

Pl + 8 1]+ x]w;

J _ <
=581+ >

3

Without causing any confusion, we use t? to represent the time that
user y; itself finishes its local workload, that is

=" C))

Therefore, the completion time ¢, of f; is

;= max t{ . 5)
Jj=0,e/€E;

We aim to minimize the average response time of all user tasks before
the deadline, which is equivalent to maximizing the difference between
d; and t;. We use T to denote the length of the time of interest. Therefore,
the problem investigated in this paper can be formulated as follows:

max Y (d;—1) [TSiCE] (6a)
0<r;<T

st ;= max t{, Vi (6b)

Jj=0,e/€E;
o _ X vi 6
ti - h,- s 1 ( C)
o plr + 681+ X w,
t =6+ ———— . Vi (6d)
C:

N .
=1, Vi (6e)

var. x/ €[0,1], Vi, j (6f)

This problem is called Task Scheduling in Collaborative Edges, or
TSiCE for short in this paper. Note that TSiCE is not a linear program-
ming problem. TSiCE requires information of future tasks to solve. Re-
member that, the completion time of a task depends on the workload
of pending queues, while the pending queues may change due to the
arrivals of future tasks. Specifically, p/[r; + 5{ [¢]] in Eq. (6) denotes the
amount of workloads in the pending queue of server ¢’ at time (r; + 5f [£]),
in which r; is the release time and 5{ [1] represents the delay of trans-
mitting the input data along the shortest path from u; to ¢/, thus, it is
impossible to give a closed-form expression for a completion time.

Solving this problem optimally is not easy for the following reasons.
Firstly, since the completion time of a task relies on not only itself but
also other tasks in the pending queues on each server, thus it requires
information of future tasks to solve the current optimization problem.
Secondly, since an edge server schedules tasks with FCFS, the current de-
cision also affects the completion time of future tasks. Thirdly, the com-
pletion time of a task depends on the workload of pending queues, thus
it is impossible to give a closed-form expression for a completion time.
These intrinsically intertwined challenges together complicate the TSiCE
problem. Therefore, we would like to use deep reinforcement learning
(DRL) to solve this problem.

4. Deep reinforcement learning-based workload distribution

In this section, we first introduce the basic learning mechanism in
Reload. Then, we show how to use deep reinforcement learning (DRL)
to solve the TSiCE problem and present the details about the state space,
action space, and reward signal.

4.1. Basic learning mechanism

Deep reinforcement learning (DRL) learns an effective policy from
the past experiences based on the current state and instant reward. In
Reload, a RL-agent is responsible for interacting with the environment
and performing task scheduling decisions, where RL stands for reinforce-
ment learning. In Reload, the concept of environment is in fact an ab-
straction of the edge servers, mobile end users, and edge networks. The
RL-agent cannot observe the entire environment status, that is, it only
knows part of all the information of the environment. At each time slot
t, the RL-agent observes a state that represents the status of the envi-
ronment and chooses an action based on the specific policy. After this
action is performed (i.e., the task scheduling decision is performed), the
state would change, and the change should represent the effect of the ac-
tion on the environment. In this paper, the RL-agent is the collaborative
edge cloud controller.

4.2. Details of reload

Due to the lack of future knowledge and the state transition prob-
ability matrix, as well as the discrete decision space, we propose the
model-free DRL-based Reload, which is trained using a state-of-the-art
actor-critic DRL model called A2C. We introduce the details as follows.
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4.2.1. State space

The state is the observation of the RL-agent (i.e., the collaborative
edge cloud controller) from the environment. The RL-agent aims to con-
stantly learn policies from historical information to approach the per-
spective of the God (i.e., have future and global knowledge). Thus a
comprehensive state is critical to the decision-making efficiency. We
take the information of the task itself, the dynamic networks, and the
edge environment into consideration.

e Task workload w;, task deadline d;, task release time r;, and task in-
put data size z;. The TSiCE problem deals with online task scheduling
in the collaborative edge cloud environments, thus, it is necessary to
take the characteristics of each task into consideration. These het-
erogeneous tasks may prefer different offloading servers or different
offloading ratios. These heterogeneous release times may let tasks
encounter different statuses of the environments, e.g., different edge
network conditions and different pending workloads in edge servers.

¢ The upload bandwidths from user u; to all edge servers. Note that,
each user can freely move, and its location changes over time, which
finally makes the upload bandwidth from each user to all edge
servers change. Remember that, we use b,/ [t] to represent the up-
load bandwidth from user u; to edge server ¢/ at time . Also note
that, each user may not be covered by all edge servers; when it is
out of the coverage of any edge server, we set the upload bandwidth
from the user to the edge server to be 0. This bandwidths informa-
tion reflects the dynamic networks, which should be considered in
the decision making process.

e The sizes of the pending workloads in each edge server. Remem-
ber that, each edge server maintains a FCFS queue that stores the
pending workloads that have been assigned to it but have not been
finished. The size of the pending queue of an edge server reflects
how popular an edge server is. The TSiCE problem investigated in
this paper is an online problem; it is hard since we cannot acquire
future information about the network, mobility, and task statistics.
The size of the pending queue of each edge server can help us cap-
ture such dynamics to some extent. Note that, pj represents the sum
of the workloads in the pending queue of mobile end user u;.

Note that, the above states do not directly reflect the mobility of
users. But the user mobility is captured in b,.1 [£], -~ ,bfv [¢], since b{ [f]is O
if u; is not covered by e/.

4.2.2. Action space

In our proposed Reload, a RL-agent needs to take an action for task
scheduling when receiving a new user task or a new state. As we men-
tioned before, we use x{ to denote the percentage of the workload of task
f; that is offloaded to ¢/. Without causing any confusion, we use x? to
denote the workload processed locally by the local computing capacity
of user u;. Therefore, the action space is represented by x?, xl.l, v xlN .

We know that, on one hand, the larger the action space is, the more
time the deep reinforcement learning-based method needs. Therefore,
the action space should not be too large; otherwise, the large action
space may make the training of Reload a little bit longer and the infer-
ence result of Reload not so accurate.

On the other hand, if we only allow a very small action space, Reload
may not be able to explore the solution space efficiently and probably
cannot arrive at the relatively good task scheduling decision.

In our current design, each x{ can only choose a value from the set

{0,0.1,0.2,---,1.0}, i.e., each x{ can be only one of the eleven values.
Later, in the extensive performance evaluations we will see, Reload with
this choice about the action space performs better than several state-of-
the-art baselines.

Note that, the current choice about the action space can be easily

modified to other ranges or sets.
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4.2.3. Reward

Once applying an action to a state, the RL-agent would receive an
instant reward from the environment. Recall that in the problem for-
mulation, our optimization objective is to maximize the total difference
between the deadlines and the completion times, i.e., (d; —t;), that is, we
would like to make each task be finished as quickly as possible. There-
fore, when (d; — t;) is large, the reward reward; should be large.

However, as we mentioned before, tasks have heterogeneous char-
acteristics, e.g., different tasks may have different workloads and dead-
lines. Directly maximizing the difference between the deadlines and the
completion times may let Reload focus on optimizing any single task.
Therefore, we define the reward as follows:

i~ @)

,
i~

reward; =

in which the denominator (d; — r;) is the difference between the deadline
and the release time.

4.3. DRL Model training methodology

We pursue a black-box solution for task scheduling in the collabora-
tive edge environment while not relying on detailed analytical perfor-
mance modeling.

We propose Reload, an intelligent deep reinforcement learning-
based task scheduler that is customized for task offloading in collab-
orative edge environments. Reload learns a policy purely based on the
known information, without foreseeing the future. Reload depicts its
policy as a neural network that maps “raw” observations to scheduling
actions. The neural network incorporates a rich diversity of observations
into the scheduling policy in a scalable manner. During training, Reload
starts out knowing nothing and gradually learns to make better schedul-
ing decisions through reinforcement, in the form of reward signals for
past decisions. Reload leverages A2C to train the policy network, which
takes the edge network situation, server statistics, and task features as
inputs and selects an optimal action through the output (e.g., action
distribution).

In this subsection, we introduce the details about our training
methodology of Reload.

Firstly, we optimize the action space to avoid the curse of dimension-
ality. Reload adopts A2C to output an action a, for a given state s,. In
Reload, the action space is represented by x?, x!, .-, xI; even though we
only allow each x{ to be one of the values in the set {0,0.1,0.2, -+, 1.0},
the number of possible actions could be approximately 11V, which is
extremely large. To solve this problem in the training process of Reload,
we fix the dimensionality of an action 4, to be N + 1, and we take the
policy = as the input of the function softmax®. Therefore we can di-
rectly output the percentage of workloads of a given task offloaded to
each edge server. That is, given a state s, and corresponding action q,,
the output is

y = softmax(n(a;|s,)). 8)

Secondly, we use the policy gradient method to train Reload. The
policy gradient J(0) can be calculated as follows:

vod (0) = E,, [Z Vg log(my (s, a)A(s,, a))l, ()]
teT

in which A(s;,a,) is called the advantage function that represents the

gap between the expected reward when we deterministically select a, at

state s, following z,, and the expected reward for actions drawn from

policy . Its specific form is

A(Sr’ a) = Q(Spat) - V(St)7 (10)
2 It can convert a tuple of K real numbers into a probability distribution of

K possible outcomes. It is a generalization of the logistic function to multiple
dimensions, and is used in multinomial logistic regression [22].
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in which Q(s,, a,) is the state action value function and ¥V (s,) is the state
value function. In practice, we do not need to estimate these two func-
tions simultaneously; we can use only V (s,) to achieve the same effect.
More specifically, we can estimate V' (s,) based on the temporal differ-
ence method, and we can get the simplified gradient formula as follows:

Vel (0) = E,, Z Vo log(my(s;, a))r +yV(s) =V (s)) |, 1)
teT

where r+yV(s)) — V(s,) is the unbiased estimation of A(s,.q,), which

is also called td_error and generated by the critic network. Based on

the above formulas, the parameter of the actor network is updated as

follows:

0—0+a 2 Vg log(my(s;, a))r + vV (s}) — V(s,)), (12)
1T
in which «a is the learning rate and y is the reward discount.
To make the results returned by the actor network more accurate,
we use the critic network to estimate td_error. In the critic network, the
parameter is updated as follows:

5 8—a Y vir+yV(s) = V(s)P. @13)
teT

We introduce a hyper-parameter clip_bound for the following two
reasons. Firstly, in our work, the completion time of a task includes two
parts, including the transmitting delay from the task source to an edge
server and the processing delay on an edge server. When the percent-
age of workloads assigned to an edge server is less than clip_bound, the
transmitting delay may dominate the overall completion time; in such
case, redistributing this small percentage of workload to another edge
server or the task source itself may be better. We also evaluate the effect
of using the branch and bound strategy in our extensive evaluations.

Secondly, in traditional A2C algorithm, the output is a probability
distribution function, and we can get the specific action by sampling.
However, Reload modifies the form of the output of A2C, hence Reload
cannot generate a probability distribution function as the output, which
may not be beneficial to exploration and exploitation. To tackle this, we
incorporate a trick used in DDPG [23] into Reload. DDPG introduces
a Gaussian noise to the output for better exploration. To achieve the
same purpose, we introduce a hyper-parameter clip_bound to introduce
randomness to the output of Reload. In Reload, when the percentage
of workloads assigned to an edge server is less than clip_bound, Reload
proactively sets the percentage to zero and redistributes this percentage
of workload to the other edge servers. In this sense, the hyper-parameter
clip_bound serves the threshold of workload assignment.

Note that, Reload changes the probability distribution function of
the action space from the Gaussian distribution in A2C to the uniform
distribution. Besides, as we mentioned earlier, we introduced a hyper-
parameter clip_bound to Reload for better exploration. Therefore, due
to these modifications (or improvements), the policy used in Reload is
neither the epsilon-greedy nor sampling by probability in A2C.

The time complexity of DRL involves multiple components, and a
precise analysis requires consideration of the network structure, update
methods, and parallel architecture. Specifically, the time complexity of
DRL involves Actor and Critic Network Structure, Advantage Function
Calculation, Policy Gradient Update, Value Function Update, and Paral-
lel Architecture. For example, the time Complexity of Forward Pass can
be analysed as follows: For a neural network with L layers, each con-
taining n; neurons (where i ranges from 1 to L), the time complexity of
a forward pass is approximately O(}; ,Lz o Mifi—1)- In practice, the shared
feature extraction layers significantly reduce the overall computational
cost.

In summary, the overall time complexity per update step is O(2 -
Z,L: o Min;—1), accounting for both the Actor and Critic networks. In prac-
tice, the shared feature extraction layers reduce this complexity, and
the parallel architecture improves training efficiency without altering
the per-update time complexity.
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Fig. 8. Locations of 92 Starbucks in Beijing, P.R. China.

Table 2

DRL parameters used in the evaluations.
Symbol Meaning Default Value
LR A learning rate for actor network 0.001
LR C learning rate for critic network 0.001
GAMMA reward discount 0.900
BATCH_SIZE batch size 32
MAX _EPISODES maximum value of episodes 260
MAX_EP_STEPS maximum value of steps 100
MEMORY_CAPACITY  memory capacity of DDPG 1000
clip_bound the exploration parameter 0.090

5. Performance evaluation

In this section, we evaluate the performance of Reload using exten-
sive simulations. We first present the evaluation settings. Then we intro-
duce several state-of-the-art baselines for comparison. Finally we show
the comparison results in a variety of settings.

5.1. Evaluation settings

We consider a metropolitan area that contains edge servers and
users. Similar to a previous study [24-26], we used Starbucks’ locations
as the locations of edge servers, because the distribution of them in a
city usually achieves a decent coverage of users, making them very suit-
able for placing edge servers. Therefore, we collected the locations of
Starbucks within the 4th ring road of Beijing, China, as shown in Fig. 8
We calculated the minimum bounding rectangle of the Starbucks with
two sides parallel to a meridian. Then, we extended this rectangle by
adding 5km to each side, so as to form the area of interest. Note that,
the number of edge servers was fixed, i.e., 92 in the Beijing trace. In our
simulations, we may not use all of these locations to place edge servers;
instead, we can randomly select a part of them to deploy edge servers.
Mobile users can freely move inside the area. Similar to [24-26], the
delay between two edge servers is proportional to the Euclidean dis-
tance between them in all settings. In our simulations, we assume 1km
incurs 1ms. Therefore, when the locations of clients are known, we can
calculate the delay between every pair of servers and clients.

In our simulations, the system time starts from 0. We divide time
into discrete time slots, each of which has a duration that matches the
timescale at which task scheduling decisions can be generated. At the
end of each time slot, Reload collects the information and makes the
scheduling decision. The learning rate and reward discount are fixed
at 0.001 and 0.9, respectively, in our implementation. Main DRL-related
parameters are summarized in Table 2.

The upload bandwidth from each mobile end user to the edge servers
(more exactly, access points) is time-varying and also depends on the
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location of a mobile user. In our simulations, we generate these band-
widths according to the Mahimahi trace [13].

Similar to previous works [8,9,15], the computing capacities of edge
servers follow a uniform distribution between 100 and 200. The local
computing capacity of each mobile device is uniformly generated from
a range, e.g., [10,40]. Note that, the size of the pending workloads in
the FCFS queues of edge servers are determined by the specific envi-
ronments and the scheduling. Each mobile user generates its tasks over
time. For mobile user u;, we assume the time difference between two
consecutive tasks follows an exponential distribution with the mean 4;
uniformed distributed in a range [20, 50]. The workload of a user task fol-
lows a uniform distribution, e.g., [100,400]. The input size of each user
task is set according to the Mahimahi trace [13], in which the size is
uniformly distributed between 500 kbit and 2000 kbit. For the deadline
of a user task, it should not be too large nor too small. If the deadline
is too large, then all tasks can be finished before the deadlines, mak-
ing the scheduling meaningless; otherwise, all tasks cannot be finished
before the deadlines, making that even the best scheduling algorithm
cannot finish any task before its deadline. In our paper, we generate
the deadline d; of user task f; uniformly between min and max, where

min = hw—'j represents the minimal possible value of dead-
’+Zu, is covered by e/ ¢

line and max = % represents the maximal possible value of deadline.
We compare Reload with the following baselines.

e SS-B (Single Server with maximal Bandwidth). Each task is processed
only in one edge server. We offload the task to the edge server with
the maximal upload bandwidth.

o SS-W (Single Server with minimal Workloads). Each task is processed
only in one edge server. We offload the task to the edge server with
the minimal pending workloads.

e DS-BW (Double Server with maximal Bandwidth and minimal Work-

loads). Each task is processed in two edge servers. We offload the task

to one server with the maximal bandwidth and to another server with
the minimal pending workload.

MS (Multiple Server). After Reload gives a solution (e.g., offloads

30 % workload to edge server e;, 35% to e;, 15% to ey, and 20 %

locally), MS uses these ratios (i.e., 30 %, 35 %, 15 %, 20 %) to offload

the same task. MS chooses the 3 servers with minimal delays.

5.2. Results

We are interested in evaluating how Reload performs in different
settings compared with the other baseline algorithms. In this subsec-
tion, we present our evaluation results about the performance of Reload,
which is the mean of 10 runs.

5.2.1. Comparison results in terms of reward

In Fig. 9(a), we compare Reload with the other four algorithms in
terms of the reward metrics over time. In this figure, the number of
edge servers is 10, and the average time difference between two con-
secutive tasks is uniformly distributed in [20, 50]. In general, we see that
the reward achieved by Reload is the highest among all algorithms, in
particular, Reload achieves a much higher reward than SS-W, SS-B, and
DS-BW. The main reason behind the best performance of Reload is that,
Reload utilizes the advantage of deep reinforcement learning and thus
can efficiently explore the solution space. In contrast, the other base-
line algorithms do not take all possible solutions into consideration; for
example, in the SS-W algorithm, each user task can only be offloaded
to just one edge server, which greatly impacts the performance of SS-
W. In addition, we observed that Reload converges after 87 episodes on
average.

We also observe that the performance of MS is better than the other
three baseline algorithms, and MS achieves almost the same perfor-
mance as Reload in some cases. The main reason is that MS utilizes
partial results from Reload. After Reload computes a task scheduling re-
sult, MS knows how many edge servers should be chosen to offload a
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given task. In fact, Reload greatly helps MS reduce the solution space and
makes MS focus on selecting a given number of edge servers. Therefore,
MS can obtain a better performance than the other baseline algorithms.

In Fig. 9(b), we change the number of edge servers to 20 compared
with Fig. 9(a). We note a few observations. First, the rewards achieved
in Fig. 9(b) by each algorithm is better than those in Fig. 9(a). For exam-
ple, the average rewards achieved by the SS-B are about 0.23 and 0.01,
respectively, in Figs. 9(b) and 9(a). The main reason is that, the number
of edge servers in Fig. 9(a) is smaller than that in Fig. 9(b); more edge
servers means more computing results, which can finally translate into
reduced response times. Second, the DS-BW algorithm performs better
than SS-W but worse than SS-B. This is because the SS-W algorithm fo-
cuses on the size of the pending workload of each edge server, which
may be influenced by many factors, such as the arrival of new tasks
and the computing capacity of each edge server. In contrast, the SS-B
algorithm focuses on the delay, which is directly related to the response
time. Therefore, SS-B is hopefully better than SS-W.

In Fig. 9(c), the average time difference between two consecutive
tasks is changed to be uniformly distributed in [40,70] compared with
Fig. 9(a). We see similar results as the previous two figures: Reload has
the best performance among all five algorithms and SS-W has the worst
performance.

5.2.2. Comparison results in terms of the percentage of tasks finished
before deadlines

The reward metric represents the total utility we gain from schedul-
ing a user task. We are also interested in a more direct metric, i.e., the
percentage of tasks finished before the deadlines. Figs. 10(a), 10(b),
and 10(c) show the comparison result in terms of this metric.

In Fig. 10(a), we see that the percentage of tasks finished before the
deadlines is as high as 91.15 %, while the other four baseline algorithms
can achieve 55.0 % at most. From this figure, we can see that, Reload can
not only optimize the scheduling utility in terms of the reward metric,
but also maximize the number of tasks finished before the deadlines.

Fig. 10(b) shows the comparison results when the average time dif-
ference between two consecutive task arrivals is changed to be uni-
formly distributed in [40,70]. We see that, when there are less tasks
generated in unit time, most of the algorithms perform better than be-
fore, e.g., the percentage of tasks finished before the deadlines is 55.0 %
and 87.33 % in Fig. 10(a) and 10(b), respectively. The reason behind this
phenomenon is not subtle; when there are less tasks and the edge servers
remain the same, the probability of a single task being finished before
its deadline gets higher. Fig. 10(c) shows similar results and trends.

5.2.3. Improvement due to branch and bound

To better explore the solution space, we augmented Reload with the
branch and bound strategy to efficiently reduce the solution space, help
Reload jump out of the local optimum, so as to obtain a better schedul-
ing output. Fig. 11 shows the effect of the branch and bound. In this fig-
ure, ‘Reload_nobound’ denotes Reload without branch and bound, while
‘Reload’ denotes the improved version. We can see that, Reload achieves
a better reward than Reload_nobound over time.

6. Related work

One of the major research fields in edge computing is offloading,
which can be seen as the general killer application to the edge comput-
ing paradigm. By offloading computation-intensive and possible energy-
hungry tasks to nearby edge servers, mobile devices can accelerate the
task and save its energy consumption.

Several studies [27-29] have been proposed to optimize energy con-
sumption on mobile devices by offloading all or partial workloads of a
task. For example, Cuervo et al. [30] proposed MAUI that enables auto-
mated method-level code offloading; Kosta et al. [27] improved method-
level migration by parallelizing method execution using multiple VM
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Fig. 9. Reward vs. Episode. The number of edge servers is N. The average time difference between the arrivals of two consecutive tasks is 4.

images; Gordon et al. [28] designed thread-level migration techniques
based on distributed shared memory.

There are some other studies [5,31-34] that focused on minimiz-
ing the completion time of the tasks from mobile end users. Wang et
al. [31] considered minimizing the average task latency by intelligently
performing edge resource provisioning; Xu et al. [5] took both service
caching and offloading into consideration; Wang et al. [24] proposed an
efficient solution which is based on the classical uncapacitated facility
location problem [35]; Gao et al. [36] studied the service entity place-
ment problem while taking both edge workload and access network
congestion into account; Chen and Wang [37] considered computa-
tion offloading in a multi-user MIMO system with time-varying channel
states.

Some recent studies have already considered the edge collabo-
ration [5,38-40]. For example, OREO [5] jointly optimized service
caching policies and task offloading strategies. Xu et al. [39] opti-
mized service caching cost using game theory. A hierarchical model
with intra-fog and inter-fog resource management was proposed in [41].
VACS [42] maximized video analytics accuracy while reducing the
overall energy consumption when offloading. CERP [43] jointly opti-
mized device probing and task offloading and proposed a cost-aware
edge resource probing framework based on multi-stage optimal stopping
problem. DDPS [44] optimized edge resource utilization based on
Stackelberg game [45] when the offloading scenario contains energy
harvesting devices. Scrava [46] considered offloading video analyt-
ics tasks to edges to support collaborative inference. However, most

of them [1,4-6] focused on offloading bursty task requests to one
single server or device. Some other studies on edge collaboration
aimed to highlight its advantages in the device-to-device environ-
ments. For example, the work in [7] proposed a method to achieve
energy-efficient collaborative task execution. These studies probably
fail since most of them hardly consider the dynamics of the edge
environments.

DRL has been widely used in many research fields, e.g., task
scheduling for data centers [47,48], traffic engineering [49], mul-
tipath TCP routing [50], and task offloading in edge environments
[40,51]. However, none of the existing studies observed the dynam-
ics of the edge environments and took the heterogeneity into con-
sideration, which motivates us to propose an intelligent DRL-based
solution that performs offloading decisions without foreseeing the
future.

7. Discussions

In this section, we discuss several limitations of Reload and possible
future research work directions.

Dynamic edge server set. Reload solves the online task schedul-
ing problem in the collaborative edge cloud environment. In its current
design, the set of edge servers in the collaborative edge cloud is fixed. In
reality, we may allow an edge device to leave or join the collaborative
edge cloud at any time. For example, an edge server crashes due to heavy
workload or high temperature, then some engineer repairs it and makes
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it run again. In this case, this edge server leaves the edge cloud first and
then joins the edge cloud as a new edge device. However, extending
Reload to handle such a dynamic set of edge servers is not easy. The
main reason is that, when the set of edge servers changes, the underly-
ing neural models in Reload probably need to change so as to maintain
a good performance. Here is one simple strategy that may work. We
can pre-train several neural models that correspond to different repre-

10

sentative scales of the edge cloud for Reload. When the collaborative
edge cloud changes, Reload can choose the most appropriate model to
use.

Delay-tolerate task. In its current design, Reload schedules a task
right after it arrives. Although this can minimize the completion time of
this task, it may prolong the completion time of some future tasks. For
example, at time ¢,, task f, arrives at the collaborative edge cloud. We
run Reload and get the schedule results, e.g., offloading task f, to edge
servers e, and es, which are two edge servers that are far away from
task f,, since the pending queue in the edge servers that are near task
f, is almost full. At time 7; + 1, a new task f, arrives at the collaborative
edge cloud, and task f), is very close to edge servers e, and es. Besides,
the workload of f, is much smaller than that of f,. Therefore, if we
can let the workload of f, execute before f,, then the average response
time would be reduced. This example motivates us to take the delay-
tolerate tasks into consideration when improving Reload. For each task,
when it arrives, Reload can wait for a fixed time before scheduling it.
This may bring more opportunities for improving the overall system
performance.

More general utilities. The goal of Reload is to maximize the total
differences between the deadlines and the completion times of all tasks.
In reality, more objectives should be supported in Reload. For example,
some tasks may only care about whether the deadline is missed, some
tasks may want to minimize the offloading cost. In the future, we plan
to investigate supporting more general objectives in Reload.
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8. Conclusions

In this paper, we consider the task scheduling problem in the collabo-
rative edge cloud environments. We observed that there are three major
challenges in designing an efficient task scheduling solution in dynamic
edge environments: heterogeneous tasks, dynamic edge networks, and
heterogeneous edge servers. We pursue a black-box solution, Reload, for
task scheduling in the collaborative edge environment while not rely-
ing on detailed analytical performance modeling. Reload learns a policy
purely based on the known information, without foreseeing the future.
Reload depicts its policy as a neural network that maps “raw” obser-
vations to scheduling actions. During training, Reload starts out know-
ing nothing and gradually learns to make better scheduling decisions
through reinforcement, in the form of reward signals for past decisions.
Reload leverages A2C to train the policy network. We evaluate Reload
using extensive simulations. The results show that Reload outperforms
several state-of-the-art baselines.
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