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Abstract—In satellite-terrestrial integrated networks, it is a common practice to schedule real-time tasks from low Earth orbit (LEO)
satellites to ground stations (GSs) for data processing. However, the joint task scheduling and resource allocation under unknown
environment dynamics (e.g., transmission latency) remains to be a challenging problem. First, the tradeoff between task latencies and
energy consumption should be carefully considered when making decisions to minimize task latencies under time-averaged energy
consumption constraints. Second, to learn the environment uncertainties and minimize the system performance loss (i.e., regret) in
terms of task latencies, both online feedback and offline history should be leveraged efficiently, and the accompanying
exploration-exploitation tradeoff should be dealt with in a proper way. In this article, we formulate the joint task scheduling and resource
allocation problem as a constrained combinatorial multi-armed bandit (CMAB) problem. To solve the problem, by integrating online
learning, online control, and offline historical information, we propose a Task scheduling and Resource allocation scheme with
Data-driven Bandit Learning called TRDBL. Our theoretical and numerical results show that TRDBL achieves a sublinear
time-averaged regret while satisfying the time-averaged energy consumption constraints.

Index Terms—Satellite-terrestrial integrated networks, task scheduling, resource allocation, data-driven bandit learning, learning-aided

online control.

1 INTRODUCTION

N recent years, satellite-terrestrial integrated networks

have attracted great attention due to the rapid devel-
opment of low Earth orbit (LEO) satellite systems [2]. By
far, more and more LEO satellites have been launched for
real-time Earth observation tasks such as intelligence recon-
naissance, natural disaster surveillance, and environment
monitoring [3] [4]. To complete such tasks, LEO satellites
collect Earth observation data with onboard sensors and
transmit the collected data to ground stations (GSs) for
further data processing [5].

Considering that each LEO satellite may have access
to multiple GSs simultaneously [2], a key issue for each
LEO satellite is how to schedule observation tasks to proper
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GSs in an online fashion to achieve minimum task laten-
cies. However, due to the rapid satellite movement and
the changeable weather condition, the qualities of wire-
less channels between LEO satellites and GSs change fre-
quently over time [6] [7]. As a result, the instantaneous
transmission latencies from LEO satellites to GSs are hard
to be measured in real time. To this end, online learning
should be integrated into the task scheduling process to
infer the statistics of transmission latencies implicitly based
on system feedback. Meanwhile, to improve the learning
accuracies, the pre-maintained offline historical information
about transmission latencies can be exploited to aid the
online learning procedure [8]. Besides, the decision making
for task scheduling and resource allocation often involves
the concern of energy efficiency [9] [10], which requires
online control on the energy consumption to aid the decision
making process.

Towards such an integrated design which combines on-
line control, online learning, and offline historical informa-
tion, there are three challenges to be addressed. The first is
concerning the non-trivial tradeoff between task latencies
and energy consumptions in the online control procedure.
Generally, to reduce the task processing latencies on GSs,
more computing resources are required, resulting in higher
energy consumptions. Nonetheless, due to the scarcity of
energy, the time-averaged budget constraints on energy
consumptions should be satisfied along with the objective
of minimizing task latencies. To satisfy the requirements
towards both metrics, the tradeoff between task latencies
and energy consumptions should be carefully tackled in the
online control procedure. The second challenge lies in the
online learning procedure. When an LEO satellite schedules
tasks to GSs, it can either exploit current knowledge by



selecting GSs with empirically low estimated transmission
latencies to achieve a better short-term performance; or
it can explore new knowledge by selecting GSs with less
feedbacks to improve the long-term performance. Such an
exploration-exploitation dilemma should be carefully ad-
dressed to achieve a high learning efficiency. Moreover, the
offline history information should be properly incorporated
to improve the learning accuracies. The third challenge is
towards the interplay between online learning and online
control procedures. Specifically, the online learning pro-
cedure, if conducted ineffectively, may vitiate the online
control procedure and incur performance loss; meanwhile,
the online control procedure, if carried out improperly,
would lead to a low learning efficiency and excessive energy
consumptions.

In this article, we address all the aforementioned chal-
lenges. In particular, we studied the problem of task
scheduling and resource allocation in satellite-terrestrial
networks with unknown environment and offline historical
information under time-averaged energy consumption con-
straints. By investigating such a problem from the perspec-
tive of Combinatorial Multi-Armed Bandit (CMAB) [11], we
propose an online scheme that integrates online control,
online learning, and offline historical information with a
performance guarantee. The contributions and key results
of our work are summarized as follows.

e Problem Formulation: We formulate the task
scheduling and resource allocation problem as a
stochastic optimization problem under uncertainties.
The goal of the problem is to minimize the total task
latencies while satisfying the time-averaged energy
consumption constraints. By exploiting the struc-
ture of the formulated problem, we reformulate it
as a constrained combinatorial multi-armed bandit
(CMAB) problem.

e Algorithm Design: We propose a scheme called
TRDBL (Task scheduling and Resource allocation
with Data-driven Bandit Learning) to solve the for-
mulated problem. TRDBL is composed of an online
learning procedure and an online control procedure.
In the online learning procedure, the data-driven
bandit learning technique [17] is adopted to estimate
the transmission latencies from LEO satellites to GSs
by leveraging both the offline historical information
and online feedback information. In the online con-
trol procedure, the Lyapunov optimization technique
[18] is applied to determine the task scheduling and
resource allocation decisions based on the estima-
tions provided by the online learning procedure.

e Theoretical Analysis: Our theoretical analysis
shows that TRDBL satisfies all the time-averaged
energy consumption constraints and achieves
a time-averaged regret of O(1/V + 1/T +
\/(ogT)/(T + Huin))) over the finite horizon T.
Here V' is a positive parameter that can be tuned,
and H,,;, is the minimal number of offline historical
observations among GSs.

e Numerical Evaluation: We conduct extensive simu-
lations to evaluate the performance of TRDBL and its
variants. The simulation result shows that our pro-
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posed scheme can reduce task latency effectively un-
der time-averaged energy consumption constraints.
o New Degree of Freedom for Network Design: We
investigate the benefits of offline historical informa-
tion in the design of satellite-terrestrial integrated
networks via both theoretical analysis and numerical
evaluations. Our results provide novel insights to
network designers to improve the performance of
satellite-terrestrial integrated networks.

The rest of this article is organized as follows. Section 2
discusses the related works. Section 3 introduces our system
model and problem formulation. Section 4 elaborates our
algorithm and Section 5 provides theoretical performance
analysis for the algorithm. Section 6 evaluates our algorithm
through simulations. Finally, Section 7 concludes this work.

2 RELATED WORK

Satellite-terrestrial integrated network has recently attracted
much attention as it enables the provision of different tech-
nologies such as traffic offloading [10], global connectivity
[19], data caching [20], and Earth observation [21]. In the
scenario of Earth observation, efforts with different goals
have been made to improve the performance of satellite-
terrestrial networks. For example, Wang ef al. [4] studied the
multi-resource coordinate scheduling problem in a satellite-
terrestrial integrated network to maximize the sum prior-
ities of successfully scheduled tasks. In [12], by utilizing
the offloading between satellites, Zhang et al. minimized
the energy consumption of data transmission from satellites
to ground and maximized the network throughput while
satisfying the delay requirement of tasks. By assuming static
task arrivals, these works apply offline control techniques
such as graph theory and iterative optimization to solve
their problems. However, in practice, tasks generally arrive
in a dynamic way and the future task arrivals are hard
to be accurately predicted in satellite-terrestrial integrated
networks. As for works that consider dynamic task arrivals,
those who are most related to our work are generally con-
ducted from two different perspectives: the online control
perspective and online learning perspective.

Works Based on Online Control: Works carried out from
the online control perspective adopt techniques such as the
Lyapunov optimization method to deal with the dynamic
environment settings and conduct online scheduling. For
example, faced with dynamic task arrivals to satellites,
Wang et al. [13] maximized the network throughput ap-
proximately by scheduling the inter-satellite and satellite-to-
ground contacts in an online manner. Huang et al. [14] pro-
posed a dynamic power allocation approach to maximize
the network throughput and minimize the energy consump-
tion. In [15], they further took the admission control and
task dispatch into consideration when making decisions. He
et al. [16] designed a task scheduling scheme which jointly
determines the scheduling period and allocates antenna
time block to task arrivals with the goal of maximizing the
number of completed tasks under unpredicted task arrivals.
Although the effectiveness of these solutions, they assumed
that the instantaneous network environment dynamics such
as wireless transmission conditions are observable when



TABLE 1. Comparison between our work and related works

Optimization Metrics Dynamic | Offline | Online | Online | Offline Historical
Arrivals | Control | Control | Learning Information

[4] Sum priorities of successfully scheduled tasks B

[12] Throughput & energy consumption & transmission latency °

[13] Throughput ° °

[14] Throughput & energy consumption ° )

[15] Throughput & energy consumption ° .

[16] Number of completed tasks ° °

[9] Task delay & energy consumption & server usage cost °

Our Work Task latency & energy consumption . D ° °

making decisions. However, in practice, such information
is usually unknown a priori.

Works Based on Online Learning: Works conducted
from the online learning perspective consider the case
when the instantaneous network environment dynamics are
unknown or their distributions are hard to be modeled
accurately. These works adopt online learning techniques
to deal with the uncertainties. For example, Cheng et al.
[9] employed deep reinforcement learning techniques to
propose a task scheduling and resource allocation scheme.
However, their solution cannot deal with time-averaged
constraints and does not exploit the benefits of offline his-
torical information.

Novelty of Our Work: In our work, we deal with
both unknown network environment dynamics and time-
averaged constraints. Moreover, we exploit the effectiveness
of offline historical information to aid our online learning
procedure. By integrating Lyapunov optimization based
online control, CMAB based online learning, and offline
historical information, we jointly optimize the task schedul-
ing and resource allocation in satellite-terrestrial integrated
networks with rigorous theoretical performance guarantee.
The comparison between our work and existing works is
shown in Table 1.

3 SYSTEM MODEL

In this Section, we first introduce our model in detail, and
then formulate a stochastic task scheduling and resource al-
location problem under time-averaged energy consumption
constraints. Our key notations are listed in Table 2.

3.1 Basic Model

We consider a satellite-terrestrial integrated network which
operates on a slotted time horizon and the time slots are
indexed by {0,1,2,...}. Particularly, we consider the in-
terplay between one low Earth orbit (LEO) satellite and
M ground stations (GSs) which are denoted by set M £
{1,2,..., M}. We show our system model in Figure 1. In
each time slot ¢, the LEO satellite can only access to a
subset of GSs which are in the line-of-sight of the LEO
satellite. Due to the movement of the LEO satellite, the
connections between the LEO satellite and GSs change over
time, resulting in a time-varying accessible GS subset [4]
[6]. We denote such an accessible GS subset as M(t). We
consider the case where the widely applied Orthogonal Fre-
quency Division Multiple Access (OFDMA) technology [22]
[23] is employed to support simultaneous access from the
LEO satellite to multiple GSs. Besides, we assume that the

TABLE 2. Key notations

Notation Description
M Set of all GSs with |M| £ M

M(t) Set of accessible GSs in time slot ¢, M(t) C M

At) Set of task arrivals in time slot ¢ with |.A(t)| £ N(t)
and A(t) = {A1(¢),.. ., ANy (D)}

Sn(t) Observation data size of task Ay, (t)

I,m(t) Indicator of whether task Ay, (¢) is scheduled to GS m

Fn,m(t) CPU cycle frequency allocated to task A, (t) on GSm

Win(t)  Unit transmission latency from the LEO satellite to GS
m in time slot ¢ with mean wy, = E[W,(t)]

Wh (k) Instantaneous unit transmission latency recorded by

" the k-th offline historical observation

H,, Number of offline historical observations available for
unit transmission latency from LEO satellite to GS m

. Estimated mean unit transmission latency from LEO

Wm (t) . A
satellite to GS m in time slot ¢

Lo (8) Number of CPU cycles needed to process per bit of

’ task A, (t) on GS m

Dir(t)  Transmission latency of task A (t)

Di"(t)  Processing latency of task An, (t)

Dy (t) Total latency of task An (t)

Com(8) Unit transmission energy consumption on LEO satellite
when transmitting data to GS m in time slot ¢

Bt () Transmission energy consumption on LEO satellite in
time slot ¢

EL)(t)  Processing energy consumption on GS m in time slot ¢

o Effective switched capacitance related to the chip
architecture on GS m

Y0 Energy budget on LEO satellite for data transmission

Ym Energy budget on GS m for data proccessing

co-channel interference is eliminated through interference
management techniques such as zero-forcing beamforming
[24] [25].

3.2 System Workflow

The workflow of the system during each time slot t is
shown as follows. At the beginning of the time slot, a set
of tasks A(t) = {A1(t), Ax(t), ..., An(t)} arrive, where
N(t) (0 < N(t) < Nmax) is the number of tasks and it varies
over time slots. For each task A, (t), an observation data of
size Sp(t) (0 < Sp(t) < Smax) is collected by the onboard
sensors of the LEO satellite. To complete the task, the LEO
satellite needs to schedule the task to one of the GSs in set
M(t) by transmitting the corresponding observation data
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Fig. 1. Anillustration of satellite-terrestrial integrated networks.

to the selected GS. Once receiving the data, the selected
GS sends the information about task transmission latency
back to the LEO satellite, and then allocates its computing
resources to processing the received data. We assume that
the whole procedure is completed within the time slot.

3.3 Decision Variables
3.3.1

We denote the task scheduling decision in time slot ¢
as I(t) = (In,’m(t))nEN(t),mEM(t)/ in which N (t) £
{1,2,...,N(t)}. Each entry I,,,(t) = 1 if task A,(t) is
scheduled to GS m and I,, () = 0 otherwise. Since each
task should be scheduled to one and only one GS in the
accessible GS subset M(t), the following constraints must

be satisfied:

Task Scheduling Decision

Y Lim(t) =1, Vn e N(t),t, 1)
meM(t)
Inm(t) € {0,1}, Vn € N(t),m € M(t),t, 2)
Inm(t) =0, Vn e N(t),m ¢ M(t),t. 3)

3.3.2 Resource Allocation Decision

In our model, we adopt the CPU cycle frequency as the
dominant computing resource'. We assume that each GS
has the DVFS (Dynamic Voltage and Frequency Scaling) [26]
capability and can adjust its CPU cycle frequency. We denote
the CPU cycle frequency allocated to task A, (¢) on GS m as
F,, m(t), then it should satisfy

fmin S Fn,m(t) S fmaX7
Vn € N(t),m € {m/|L,m (t) = 1}, 1, 4
Frm(t) =0, ¥n € N(t),m € {m/ Lo (t) = 04,1, (5)

where finin and fiax are pre-given constants that satisfy 0 <
fmin < fmax. Constraints in (4) ensure that the computing
resource allocated to each task is bounded. Constraints in
(5) state that a GS will not allocate any computing resource
to tasks that are not scheduled to it.

1. Our scheme can be also extended to take other kinds of resources
into consideration.

3.4 Performance Metrics
3.4.1 Task Latency

Latency is one of the key QoS measurements in satellite-
terrestrial integrated networks [27]. For each task A, (t) €
A(t), its latency is composed of the transmission latency
from the LEO satellite to its allocated GS and the processing
latency on the GS.

Transmission Latency: If task A, (¢) is scheduled to GS
m, it will experience a transmission latency of .S, (t)W,,,(t),
where W, (t) (Wmin < Wi (t) < wimax) is the unit transmis-
sion latency from the LEO satellite to GS m during time
slot t. Therefore, under task allocation decision I(t), the
transmission latency of task A,,(t) is given by

D) 2D, (X)) = > S () Win()Inm(t). (6)
meM(t)

The unit transmission latency W, (¢) is a random variable
with an unknown mean w,,, and it is assumed to be i.i.d.
across time slots. We further assume that the data transmis-
sions from the LEO satellite to GSs can be finished within
the current time slot. Therefore, the feedback information
about transmission latencies can be sent back to the LEO
satellite within current time slot.

The LEO satellite retains a number of offline historical
observations about the transmission latencies from it to
GSs [8]. Specifically, the offline historical observations about
the unit transmission latency to GS m € M are denoted
by a sequence {W/(0), Wt(1),...,Wh(H,, — 1)}, where
H,, > 0 is the length of the sequence, i.c., the number of
offline historical observations. When H,, = 0, there is no
offline historical observation. In particular, each observation
W (k) is assumed to have the same distribution as the unit
transmission latency W, ().

Processing Latency: To characterize the processing la-
tency of task A, (t) on GS m, we define L, ,,(t) (0 <
Lym(t) < lmax) as the number of CPU cycles needed to
process per bit of task A, () on GS m. Accordingly, the
processing latency is Ly, ,, (¢) Sy (t)/ Fym (t). Then given task
scheduling decision I(t) and CPU cycle frequency alloca-
tion F(t) (F(t) £ (Fum(t)nen(),mem), the processing
latency of task A, (t) is

D (t) £ DI (I (t), F (1))
- Z Ln,m (t) Sn (t) In,m (t) /Fn,m (t) . (7)
meM(t)

Therefore, the total latency of task A, (¢) is

Dy, (t) 2 Doy (I(t),F (1))
=DIr, (I(t)+ DY, (I(t),F(t), (8

i.e., the sum of transmission latency and processing latency.

3.4.2 Energy Consumption

The energy consumption for each task is composed of the
transmission energy consumption on the LEO satellite and
the processing energy consumption on the GS that the task
is scheduled to.

Transmission Energy: The LEO satellite consumes en-
ergy when it transmits data to GSs. We denote the energy



consumption of transmitting per bit of data to GS m in
time slot ¢ as Cp,(t) (0 < Cp(t) < Cmax). Then given
task scheduling decision I(t), the total transmission energy
consumption on LEO satellite in time slot ¢ is

E' (t) £ E{" (I(t))
=Y Y Cu®Sa ) Iam (). 9

neN (t) meM(t)

As the LEO satellite can only harvest energy from the solar
and store the energy in the rechargeable battery [28], the
energy consumption on the LEO satellite should be carefully
controlled. To this end, we consider the following long-term
time-averaged energy constraint on the LEO satellite:

T -1
. 1 r
hmsupﬁ Z E [Et (tﬂ <0, (10)
T'—0c0 =0

where 79 > 0 is a predefined energy budgetlon the LEO
satellite for data transmission. Note that 7 I E[ET(1)]
is the average of expected energy consumption on the LEO
satellite over time slots. It is defined as the time-averaged
energy consumption on the LEO satellite.

Processing Energy: Each GS m € M(¢) consumes en-
ergy when processing tasks that are scheduled to it. Given
the task scheduling decision I(t) and CPU cycle frequency
allocation F'(t), according to [29], the total energy consump-
tion of GS m for data processing in time slot ¢ is

Ep () £ En, (I(t), F (1))
(8) S (t) Lnn () (Fm (1))

= Z Han,m

neN(t)

(11)

Here k,, is the effective switched capacitance which is re-
lated to the chip architecture and it is measurable in practice
[30]. Regarding the scarcity of energy and the avenue for ser-
vice providers, we consider the following long-term time-
averaged constraint on the processing energy consumption
for each GS:
1 T'—1
limsup — Z E[EE ()] < Y, Ym € M.

T!
T'—o0 t=0

(12)

Here 7, > 0 is the pre-given energy budget on GS m for
data processing.

3.5 Problem Formulation

Our goal is to minimize the total task latency over T' time
slots under long-term time-averaged energy consumption
constraints on the LEO satellite and GSs. Specifically, our
problem formulation is shown as follows:

T-1
mmg 4 2 Hee
subject to (1)(2)(3)(4)(5)(10)(12). (13b)

4 ALGORITHM DESIGN

For problem (13), if the instantaneous unit transmission
latency W, (t) from the LEO satellite to each GS m € M(t)
is observable when making decisions in each time slot

Offline historical observations

l

Transmission latency
estimation

Data-driven Online Learning | aActual transmission

latencies

Transmission
latency estimates

Task scheduling
& Resource allocation

Online Control

Fig. 2. An illustration of our algorithm design.

t, it can be solved asymptotically optimally by adopting
online control techniques such as Lyapunov optimization
[18]. However, such information is usually not available
in practice. To solve for problem (13) under uncertainties,
we employ online learning techniques to estimate the mean
unit transmission latencies {w,;, } me am based on both offline
historical and online feedback information. In the procedure
of online learning, a key issue to be tackled is to deal with
the dilemma between exploration (gain new knowledge)
and exploitation (leverage current knowledge). More specif-
ically, in each time slot, when scheduling tasks, the LEO
satellite can either select GSs who are rarely selected to gain
new knowledge about their latency performance, or select
GSs who have the empirically lowest unit transmission
latencies to achieve a better short-term performance.

In our work, we reformulate problem (13) as a con-
strained combinatorial multi-armed bandit (CMAB) prob-
lem, and adopt data-driven bandit learning to deal with the
exploration-exploitation dilemma and estimate uncertain-
ties in the online learning procedure. Based on the estimates,
we employ Lyapunov optimization in the online control
procedure to ensure the energy consumption constraints
while minimizing the total task latency. With an effective
integration of online learning, online control, and offline his-
torical information, we propose a joint task scheduling and
resource allocation scheme called TRDBL (Task scheduling
and Resource allocation with Data-driven Bandit Learning)
to solve for the reformulated CMAB problem. Figure 2
shows the flow of our algorithm. In each time slot, under
TRDBL, the LEO satellite first estimates the transmission
latency to each GS, and then schedules tasks to available
GSs based on the estimates. After receiving data from the
LEO satellite, each GS sends feedback information about the
true transmission latencies to the LEO satellite, and allocates
computing resources to the tasks scheduled to it.

In the following Subsections, we first reformulate the
original problem (13) as a constrained CMAB problem, and
then introduce the details of our algorithm design with
respect to online learning and online control procedures, re-
spectively. Finally, we discuss the computational complexity
of our algorithm.

4.1 Problem Reformulation

The classical CMAB [11] considers a sequential game be-
tween an agent and a bandit with multiple arms (a.k.a.
actions). The game is played over a finite number of rounds.
In each round, the agent selects a subset of arms to play,



then the environment reveals a reward for each played arm.
The objective of the agent is to gain the largest expected
cumulative reward. However, there is a fundamental chal-
lenge that the expected reward brought by each arm is
unknown to the agent. Li ef al. [31] extended the model of
classical CMAB problem by assuming that each arm may be
unavailable in some rounds and considering arm fairness
constraints. Inspired by their work, we reformulated our
latency minimization problem (13) as a constrained CMAB
problem with extended settings.

To reformulate problem (13), we view the LEO satellite
as the agent and GSs as arms. In each time slot ¢, the
LEO satellite (agent) schedules tasks to GSs (arms) in the
available set M(t). Note that more than one task may be
scheduled to the same GS during the time slot. If task A, (¢)
is scheduled to GS m (arm m is played for task A, (t)),
a reward of R, (t) £ —D,(t) would be returned to the
LEO satellite. Note that the task latency D, (t) defined in
(8) is determined by not only the task scheduling decision
I,m(t) but also the resource allocation decision F, ,,(1).
With such a reformulation, problem (13) can be rewritten as
the following equivalent problem:

?Ilgmm%)z]e g nezN(t) (14a)
subject to (1)(2)(3)(4)(5)(10)(12). (14b)

By the definition of reward R, (t) £ —D,(t), to maximize
the total reward is equivalent to minimize the total task
latency, i.e., problem (14) is equivalent to problem (13) under
the formulated CMAB model.

Remark: Though our constrained CMAB model is mo-
tivated by the proposed model in [31], the settings of our
model have some major differences from the settings in [31].
First, since multiple tasks can be transmitted to the same GS
in each time slot, each arm may be played for more than one
time during one time slot. Second, the energy consumption
constraints (10) and (12) in our problem are more complex
than the arm fairness constraints in [31]. The fairness of
each arm is only determined by the selection frequency of
this arm. However, the energy consumptions on LEO and
GSs are determined by selections of different arms. As a
result, the selections of all arms are coupled together under
our energy consumption constraints. The final extension is
that we consider a more general reward model which is a
function of both the arm selection on LEO satellite and the
computing resource allocations on GSs.

To characterize the performance loss due to the decision
making under uncertainties, we define the regret over T' time

slots as
) , (15)

Reg(T) & (

where R*(T) is the optimal cumulative expected reward
that can be achieved. The reward maximization problem
(14) is then equivalent to the following regret minimization
problem:

Y Y R

t=0 neN(t)

maximize Reg (T') (16a)
{I®),F(t)}
subject to (1)(2)(3)(4)(5)(10)(12). (16b)
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In the following subsections, we integrate online control,
online learning, and offline historical information to solve
problem (16).

4.2 Data-Driven Online Learning Procedure

In the online learning procedure, we employ data-driven
bandit learning to deal with the uncertainties. In each time
slot ¢, after data transmissions from the LEO satellite to GS
m € M, the feedback information about instantaneous unit
transmission latency W, (t) from the LEO satellite to GS m
will be transmitted back to the LEO satellite. Based on the
collected online feedback information, and in the meanwhile
leveraging the retained offline historical information, the
mean unit transmission latency w,, to GS m is estimated
as follows when ¢t > 1:

Wy, ()

= Imax {wnl (t) — Wo SIOgt ( )) ) wmin} ) (17)

2 (Hy + o (t

where wy £ Wiax — Wmin. When ¢t = 0, we estimate w,,, as
Wi (t) = Winin. Here @y, (t) is the empirical mean of the unit
transmission latency to GS m based on both offline historical
information and collected online feedback information. The
counter h,,(t) counts the number of previous time slots
(before time slot t) during which GS m is selected. When
t = 0, we initialize w,, (t) = S5 v W (k) and R, (t) = 0.
When t > 1, they are defined respectlvely as follows:

H,,—1 t—1
t)é( S WM W T .rn,mm)
k=0 7=0

neN(r)

[(Hy + hin (1)), (18)

71’L Z H I’ﬂ m

T=0neN(T)

(19)

Remark 1: In estimation (17), the term w,, (t) reflects the
acquired knowledge about the mean transmission latency

and thus it is known as the exploitation term. The term

% is called the confidence radius [32]. It rep-

woy/ a(H,
resents our measure of how the empirical mean Wy, (t) is
close to the true mean w,,, and a larger confidence radius
indicates more uncertainty in @,, (). The confidence radius
provides an adaptive exploration for the online learning
procedure. Specifically, in the case when the true value of
mean unit transmission latency w,, from the LEO satellite
to GS m is under-explored (i.e., H, + hn(t) < t), the
confidence radius for w,,(t) becomes large, resulting in a
small latency estimate Wy, (t) by (17). As a result, there is
a high probability that GS m will be selected by the LEO
satellite in time slot ¢ since the goal of task scheduling is
to minimize task latencies. On the contrary, when w,, is
sufficiently explored, the confidence radius is small and GS
m will only be selected if it has a sufficiently good empirical
performance (i.e., a sufficiently small @, (t)). Therefore, the
confidence radius is also called the exploration term. Other
learning methods such as e-greedy [33] can also be applied
in our algorithm design, which is discussed in Section 6.
Remark 2: The confidence radius in (17) also characterizes
the interaction of offline historical information and online
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Fig. 3. An illustration of virtual queues. The LEO satellite
maintains a virtual queue Qo(t) with an input of E'(¢) and
an output of v, and each GS m € M maintains a virtual
queue Qn(t) with an input of EL(t) and an output of ~p,. If
the queueing process {Qm (t)}: is strongly stable, then the cor-
responding time-averaged energy consumption cost constraint
can be satisfied.

feedback information. In the early stage when ¢ is much
smaller than H,,, we have H,, > h,,(t) and the estimate
is mainly determined by the offline historical observations.
However, as time goes by, more online feedbacks are col-
lected and the impact of online feedback information on the
estimate grows gradually.

4.3 Online Control Procedure

In the online control procedure, we adopt Lyapunov op-
timization [18] to solve the regret minimization problem
under time-averaged constraints. To handle the energy
consumption constraints in (10) and (12), we equivalently
transform them into the queue stability constraints by intro-
ducing the virtual queueing processes {Qo(t)}; for the LEO
satellite and {Q,,(t)}; for each GS m € M. The backlogs of
these virtual queues are initialized to be zero and updated
in each time slot ¢ > 0 as follows:

Qo(t+1)=[Qo(t) — v +E"(t), (20)
Qm (t+1) = [Qm (£) — ym| T+ EPF (1), Ym e M, (21)

in which [-]* £ max{-, 0}. We illustrate these virtual queues
in Figure 3. For each constraint in (10) and (12), it will be sat-
isfied when the corresponding queueing process is strongly
stable [18]. An intuitive understanding for the transforma-
tion is that to guarantee the stability of the virtual queue,
we should ensure that the mean queue input (i.e., energy
consumption) is no larger than the mean queue output (i.e.,
energy budget). Based on the above analysis, problem (16)
can be equivalently transformed to the following problem:

maximize E[Reg (T)] (22a)
{I(1).F(t)}e
subject to (1)(2)(3)(4)(5), (22b)
T'—1
hﬁljip T g [@m (t)] < oo,
Vm € {0} U M. (220)
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By adopting the Lyapunov optimization technique [18], we
solve for problem (22) approximately by solving for the
following sub-problem in each time slot ¢:

lﬂItg{rg(lée gf:t) m%/:\/l pn m n m )) In,m (t) (23&)
subject to (1)(2)(3)(4)(5). (23b)

Here !, ,,,(Fp,m(t)) represents the price of scheduling task
A, (t) to GS m. It is a function of F,, ,,(t) and is defined as
follows:

ﬁim(an( )) £ VSn(t)(@m(t) + Lnm )/ Fom(t))
S ()(Qo () Crn () + Qi () i L (8) (P (1)), (24)

where V' is a positive parameter which can be tuned. The
detailed derivation is shown in Appendix A.

Note that problem (23) is a mixed integer programming
problem. Its optimal solution is given as follows?. For each
n € N(t) and m € M(t), we have

Lo (1) = 1, ifm=arg minmleM(t)ﬁiym/( e (1))
A0, otherwise;
(25)

Eypm (t), if I, (t) =1;

. (26)
0, otherwise;

Fn’m (t) = {

where an(t) is defined as

t)= max{min{ V) (26mQm(t)), fmax }7fmin}- (27)

The pseudocode of our proposed task scheduling and
resource allocation scheme TRDBL is shown in Algorithm
1. We provide the following remarks for TRDBL.

Remark 1: As shown in (24) and (27), the value of V' de-
termines the relative importance of minimizing task latency
compared to satisfying energy consumption constraints.
Under a large value of V, the first term V'S, (¢)(w,(t) +
Ly (t)/Fnm(t)) (ie., estimated task latency multiplied by
weight V) in (24) becomes the major term. Then under
TRDBL, the LEO satellite will schedule task A, (t) to the
GS with the minimal estimated latency S, (t)(wn(t) +

Ly, (t)/Fy, m(t)). Moreover, with a larger value of V, ac-
cording to (27), GSs will allocated higher CPU cycle frequen-
cies to tasks scheduled to them to reduce task processing
latencies.

Remark 2: TRDBL ensures the energy consumption con-
straints (10) and (12) by avoiding the appearance of large
virtual queue backlog sizes. Note that the virtual queue
backlog size can be viewed as a counter which keeps track
of the part of energy consumption in excess of the budget.
When the time-averaged energy consumption of the LEO
satellite or a GS tends to violate the budget, its correspond-
ing virtual queue backlog increases to be large. Under the
circumstances, for the LEO satellite, it will select GSs with
small transmission energy consumptions according to (24).
For each GS, on one hand, it tends to be not selected by the
LEO satellite because of its large virtual queue backlog size
according to (24); on the other hand, it will allocate low CPU
cycle frequencies to tasks scheduled to it according to (27).

2. If more than one GS achieves min,,’c aq(¢) ﬁn,m/(Fn,m/ (t)), the
LEO satellite would select one of such GSs uniéormly at random.



Algorithm 1 Task scheduling and Resource allocation with
Data-driven Bandit Learning (TRDBL)

1: Initialize 7 (0) = 0, Bm(0) = 77— 27~ Wi (k) and
Wm(0) = wmm for each GS m € M. In each time slot
te{0,1,- -1}

%Lutency Estimation

: for each GSm € M do

if hy, (t) > 0 then

'd}m (t) <—max {w'm (t) — wo 04/ Wa wmm}
end if
: end for
%Task Scheduling
7: Initialize task scheduling decision I, (t) = 0 for each n €
N (t) and m € M.
8: for each task A,(t) € A(t) do
9 Mumin(t){m|m € argminen(e) By s (Frm (£)) }.
10: Uniformly randomly selects GS m from set Mrrun( ) and
set I, m(t) + 1.
11: end for
12: The LEO satellite schedules tasks in set .A(t) to GSs accord-
ing to decision I(t).
%Computing Resource Allocation
13: Initialize computing resource allocation F, . (t) = 0 for
eachn € N(t) and m € M.
14: for each GS m € M(t) do
15: Set Fim(t) < F,.m (t) for each task A, (t) € A(t) that
is scheduled to GS m, i.e., task A, (t) with I, (t) = 1.
16: end for
17: Each GS m € M(t) processes received tasks according to
computing resource allocation { Fy, 1 (t)}near(s) on it.
% Update of Virtual Queues and Statistics
18: Update virtual queues Q(¢) according to (20) and (21).
19: for each GS m € M do

. _ B () +Hp  — Wn () [nen @) In,m ()
2l: W (4 1) T Om (1) + P D+ Hm
22: end for

AL~ N

Remark 3: In TRDBL, the online control and online learn-
ing procedures are combined in the following way. On one
hand, the online control procedure leverages the estimates
for transmission latencies obtained in the online learning
procedure to aid its decision makings for task scheduling.
On the other hand, the online learning procedure uses the
received feedback information under the task scheduling
decision determined in the online control procedure, to-
gether with the retained offline historical information, to
improve its estimation accuracies. In this way, the two
procedures are effectively integrated to achieve the goal
of minimizing task latencies under time-averaged energy
consumption constraints.

4.4 Computational Complexity of TRDBL

There are four processes in TRDBL: latency estimation (lines
2-6), task scheduling (lines 7-11), computing resource alloca-
tion (lines 13-16), and update of virtual queues and statistics
(lines 18-22). The computational complexity of TRDBL is
mainly incurred by the task scheduling process. Specifically,
in the worst case, the for-loop (lines 8-11) would involve
Nmax iterations. Note that the computational complexity of
line 9 is O(M). Accordingly, the computational complexity
of TRDBL is O (nyaxM).

5 PERFORMANCE ANALYSIS
5.1 Energy Consumption Constraints

An energy budget vector v £ (y9,71,..,7nm) is said to
be feasible if there exists a feasible solution to problem (13)
given the energy budget vector «. The set of all feasible
energy budget vectors is defined as the maximal feasibility
region of problem (13). Based on above definitions, we
provide the following theorem to show the feasibility of
TRDBL in terms of the energy consumption constraints.

Theorem 1. Suppose that the energy budget vector « lies in
the interior of the maximal feasibility region of problem
(13), then TRDBL satisfies the time-averaged energy
constraints in (10) and (12). More specifically, the virtual
queueing processes { Q. (t)}me{oyusm,: defined in (20)
and (21) are strongly stable and satisfy

-1

lim sup — Z Z

T'—00 t=0 me{0}uM
S F/€ + VSInaxnmax(wmax + lrnax/fmin)/ea

where € is a positive constant which satisfies that v — €1
(1 is the (M + 1)-dimensional all-ones vector) still
lies in the interior of the maximal feasibility region.

2 2

The parameter [ is defined as I' & n2  s2 (2. . +
12

2 2
max max ZmEM ij)/Q + ZmEMU{O} 7m/2 The con-
stant Ny, is the maximal number of task arrivals in

each time slot, $,,.x is the maximal data size of each task,
Wmax 15 the maximal unit transmission latency, /i ax is the
maximal number of CPU cycles needed to process per
bit of a task, k., is a positive and measurable constant
related to the processing energy consumption on GS m,
fmin and fimax are the minimal and maximal CPU cycle
frequencies could be allocated to each task.

E[Qm(t)]

(28)

The proof of Theorem 1 is given in Appendix B.

Remark 1: Theorem 1 shows that TRDBL is feasible to
problem (13) when < is an interior point of the maximal
feasibility region of the problem. More specifically, by en-
suring that all virtual queues are strongly stable, TRDBL
satisfies all the energy consumption constraints. Moreover,
the time-averaged total virtual queue backlog size is posi-
tively proportional to the value of parameter V.

5.2 Regret Bound

The theoretical upper bound for the regret achieved by
TRDBL is characterized by the following theorem.

Theorem 2. Under TRDBL, the regret Reg(1") defined in (15)
has the following upper bound:
r 4("-}Onmax Smax

Reg (T) < —
eg()_v+ T

[6nmax M logT
+ 2W0NmaxSmax ﬁ; (29)

where Hmin £ HliIlmeM Hnu wo £ Wmax — Wmin, Wmin
and wWmax are the minimal and maximal unit transmis-
sion latencies. Other parameters are defined exactly the
same as in Theorem 1.

The complete proof of Theorem 2 is given in Appendix C.



Remark 2-1: The first term I'/V in the right-hand side of
(29) is induced by the online control procedure of TRDBL: To
satisfy the energy consumption constraints, TRDBL some-
times sacrifices the reward (task latency) by making deci-
sions which consume a small amount of energy but may
bring high task latencies. We note that such a term is
inversely proportional to the value of V. With a larger value
of V, TRDBL focuses more on reducing task latencies rather
than ensuring energy consumption constraints, and hence
achieves a lower regret. Moreover, the term I'/V approaches
zero with a sufficiently large value of V. In real systems, the
selection of the value of V' depends on the design tradeoff
of the systems.

Remark 2-2: The last two terms are O(1/T +
\/(logT)/(T + Hmin)). They are incurred by the data-
driven online learning procedure. As the value of horizon
length T increases, these terms reduce and approach zero,
thus the regret bound approaches /V. Next, we consider
the regret upper bound under different values of H,in
when the horizon length T' is fixed. Particularly, when
Hpin = 0, our problem degenerates to the case when there
is no offline historical information and the regret bound is
O(1/V 4+ /(logT)/T). When Hy, > 0 (ie., the offline
historical information is available), the regret bound reduces
with the increase of the value of Hyi,. In the following, we
consider the regret bound under four cases:

1) When Hpyiy, = O(1), ie, a constant value unrelated
to T'. In this case, when compared to the case without
offline historical information, the value of the regret
upper bound in (29) reduces, but its order remains to
be O(1/V + / logT /T).

2) When Hpi, = O(T), ie., the number of offline histor-
ical observations is comparable to T'. In this case, the
regret bound reduces while its order is still O(1/V +

(log 7)/7).

3) When Hy,i, = ©(T logT), the order of the regret bound
approaches O(1/V + +/1/T) under a sufficiently large
value of T'.

4) When H,;,, = O(T?logT), there is sufficient offline
historical information such that the LEO satellite can es-
timate transmission latencies accurately when the system
begins. In this case, the second term of the regret bound
in (29) becomes the dominant one when compared to
the last term. As a result, the order of the regret bound
reduces to O(1/V + 1/T).

6 NUMERICAL RESULTS
6.1 Simulation Settings

Our parameter settings in simulations are based on the
commonly adopted settings in satellite-terrestrial integrated
systems [4] [6]. Specifically, we consider the interplay be-
tween one LEO satellite and 36 GSs. In each time slot, due
to the dynamic characteristic of the network, only 5 GSs are
accessible to the LEO satellite. The length of each time slot
is set to be 3 minutes. In each time slot ¢, the number N ()
of task arrivals is sampled from a Poisson distribution with
parameter A = 6, while the size of each task (in the unit
of bits) is generated from a uniform distribution over the
interval (107,10%). The transmission latency (in the unit of
s/bit) for each GS m is generated from a clipped Gaussian
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Fig. 4. Energy consumption over time.

distribution over the interval (Rmin(m), Rmax(m)) with a
mean of (Rpin(m) + Rmax(m))/2, where Rpyin(m) and
Rpyax(m) are the minimum and the maximum transmission
latencies which are sampled uniformly from the intervals
(2x1079,2 x 1078) and (2 x 1078,2 x 10~7), respectively.
As for the unit transmission energy consumption C,, (¢) (in
the unit of [/bit), it is sampled from a uniform distribution
over the interval (2 x 1077, 5 x 10~7). We set the minimum
and the maximum CPU cycle frequencies on each GS as
fmin = 5 x 108 cycles/s and fmax = 5 X 109 cycles/s,
respectively. As for the parameter setting related to process-
ing energy consumption on each GS m, we set the effective
switched capacitance in (11) as , = 1072* W-s3/cycle?.
For energy constraints, by adopting the settings in [34], we
set 7o = 115 ] for the LEO satellite and ~,,, = 300 J for each
GS m € {1,2,...,36}. Unless otherwise stated, the time
horizon length T is fixed as 10° time slots and the number of
offline historical observations H,, is set to be 1000 for each
GS m (i.e., Hymin = 1000). All of the experimental results are
averaged over 10 different random seeds.

6.2 Performance Evaluation
6.2.1 Guarantee of Energy Consumption Constraints

We take the LEO satellite and the 10-th GS (GS 10) as ex-
amples to illustrate the time-averaged energy consumptions
under TRDBL given different values of V (V' € {1.5 x
107,3.0 x 107,4.5 x 107}) in Figure 4. As the time horizon
length T increases, the time-averaged energy consumptions
on the LEO satellite (see Figures 4(a)) and GS 10 (see
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Figure 4(b)) converge to their energy budgets 7o = 115 ]
and y19 = 300 J, respectively. In other words, the energy
consumption constraints are satisfied when the value of
T is sufficiently large. Moreover, the convergence rates of
time-averaged energy consumption curves increase with the
decrease of the value of V. Such results imply that under
a larger value of V, a longer time horizon length T is
needed to satisfy the time-averaged energy consumption
constraints.

Figure 5 illustrates the time-averaged energy consump-
tions on all 36 GSs over T = 10° time slots. When
V = 1.5 x 107, none of the GSs consumes more than 298
J of energy. As the value of V' grows to 4.5 x 107, the energy
consumptions of more than half of the GSs are greater than
298 J. The results imply that the energy consumptions on
GSs increase with the increase of the value of V. Nonethe-
less, none of the GSs consumes more than 300 | of energy,
i.e., the time-averaged energy consumption constraints in
(10) and (12) are satisfied under different values of V.

6.2.2 Tradeoff between Regret and Total Energy Consump-
tion

Next, we investigate the tradeoff between regret and total
time-averaged energy consumption incurred in the network.
As shown in Figure 6, with a larger value of V, the value of
regret reduces while the total energy consumption increases.
Such results illustrate a tunable tradeoff between regret and
total energy consumption, which verifies our theoretical
analysis in Section 5.
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6.2.3 Regret under Different Values of Time Horizon
Length and Numbers of Offline Historical Observations

In Figure 7, we illustrate how the regret of TRDBL evolves
as the time horizon length T increases from 1.1 x 10? to 10°
when the numbers H,.;, of offline historical observations
are fixed as 0, 103, 10%, and 5 x 10%, respectively. Note
that when H,,;, = 0, there is no available offline historical
observation. The figure shows that under a fixed number
of offline historical observations, the regret of TRDBL de-
creases as the time horizon length T' increases. Besides,
when the value of T is fixed, a lower regret is achieved given
a larger number of offline historical observations. Such a
regret reduction becomes less obvious as the value of T'
increases. For example, as the value of H.,i, increases from
0 to 5 x 10%, the regret reduces by 10.43% when T = 10%,
and only by 4.05% when T' = 10°.

Next, we investigate the regret of TRDBL under different
values of time horizon length T" and different numbers H,,iy
of offline historical observations. In Figure 8, we consider
the cases when T € {2 x 10%,4 x 103,6 x 103,8 x 103, 10*}.
Given each value of T, we set the value of H,,;, to be
0, 0.17, T, T'logT, respectively. From the figure we see
that under a small value of H,,,, the benefit brought by
increasing the number of offline historical observations is
noticeable. But given a large value of H,,;,, such a reduc-
tion becomes less obvious. For example, given T = 10%,
the regret reduces by 9.26% as H.,;, increases from 0 to
0.17T (i.e., increased by 10%), and only reduces by 1.33% as
Hp,in increases from 0.17 to T (i.e., increased by 9 x 103).



In summary, given more offline historical information, the
learning efficiency of TRDBL can be improved. However,
the improvement becomes less significant as the value of
H,,i» increases. Such results are consistent with our theoret-
ical analysis in Section 5.2.

6.2.4 Performance under Different Task Arrival Rates

We investigate the performance of TRDBL under different
values of task arrival rate A in Figure 9. From Figure 9(a) we
see that given V = 1.5 x 107, the total energy consumption
increases by 1.95% as the value of A increases from 6 to
10. The reason is that as more tasks arrive, more energy
would be consumed for data transmission and task process-
ing. Under the same settings, Figures 9(b) and 9(c) show
that the time-averaged total task latency and the value of
regret increase by 82.40% and 22.94%, respectively. This is
because given more task arrivals, the LEO satellite would
transmit more tasks to non-optimal GSs to satisfy the energy
constraints with respect to optimal GSs, resulting in a longer
total task latency and a higher regret. Such results verify our
theoretical analysis in Theorem 2 (see Section 5.2).

6.2.5 Regret under Different Exploration Strategies

As introduced in Section 4.2, the confidence radius in the
estimation (17) incentivizes TRDBL to explore the transmis-
sion latencies from the LEO satellite to those GSs with most
uncertain estimates. Particularly, the larger the confidence
radius, the higher the probability for exploration. To inves-
tigate the regret under different exploration strategies, we
propose two variants of TRDBL by employing UCB1-Tuned
(UCBT) [35] and e-greedy [33] algorithms in the algorithm
design, respectively. Details of the two variants are shown
as follows.

o TRDBL-UCBT: As a variant of TRDBL, TRDBL-UCBT
replaces the estimate @, (t) in line 9 of Algorithm 1
with the UCBT estimate of w,,, for all m € M, and
the rest remains the same as TRDBL.

o TRDBL-greedy: TRDBL-greedy employs the idea of
e-greedy algorithm to explore with a probability of
¢ in the decision-making process of task scheduling
(¢ = 0). Specifically, TRDBL-greedy differs from
TRDBL in lines 9-10 of Algorithm 1. It replaces the
estimate W, (t) in line 9 with the empirical mean
W (t) for all m € M. Then in each time slot ¢,
with probability €, for each task, its assigned GS
is uniformly randomly selected from the available
GS set M(t). With probability 1 — ¢, the GS is
uniformly randomly selected from the candidate GS
set Myin(t) obtained in line 9. The rest of TRDBL-
greedy remains the same as TRDBL.

We compare the performance of TRDBL, TRDBL-UCBT,
and TRDBL-greedy (¢ € {0,0.01,0.2}) in Figure 10, where
the asterisk (“x”) stands for “TRDBL”. The results show
that when the value of V increases, all schemes have the
same trends of regret change. It is noteworthy that though
TRDBL-greedy with € = 0 has no explicit chance of uniform
exploration, it still performs as well as TRDBL, TRDBL-
UCBT, and TRDBL-greedy with € = 0.01. The reason is that
enforced exploration is conducted in the task scheduling
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process to satisfy the energy consumption constraints. Be-
sides, among all schemes, TRDBL-greedy with ¢ = 0.2 has
the worst regret performance due to its over-exploration in
the task scheduling process. Last but not least, the results
also indicate that the performance of TRDBL-greedy is sub-
ject to the value choice of ¢, while both TRDBL and TRDBL-
UCBT can free from the laborious parameter tuning.

6.2.6 TRDBL vs. Baseline Schemes

We compare the performance of TRDBL with two baseline
schemes: RND (Random) and DAC (Deep Actor Critic) [9].
The details about how the two baseline schemes proceed are
shown as follows.

e RND: Under RND, the LEO satellite schedules each
task to a GS which is randomly and uniformly se-
lected from its accessible GS set.

o DAC: DAC is a state-of-the-art scheme which is de-
veloped based on deep reinforcement learning tech-
niques. The key idea of DAC is to employ the actor-
critic method to learn the optimal decisions under
uncertain environment dynamics. Specifically, under
DAC, the LEO satellite maintains two neural net-
works: an actor network and a critic network. In each
time slot, the actor network takes the observed envi-
ronment dynamics as input and generates schedul-
ing decisions for tasks. The critic network takes
both the environment dynamics and task scheduling
decisions as input and evaluates the decisions with
respect to task latencies. In an iterative manner, the
LEO satellite updates the critic network to improve
the accuracy of the evaluation, and updates the actor
network in the direction suggested by the evaluation
to improve its policy and achieve a lower regret.

The performance comparison of TRDBL against the two
baseline schemes is shown in Figure 11. Note that the total
energy consumptions and regrets under RND and DAC re-
main unchanged under different values of V. The reason is
that the parameter V' is not involved in the decision making
of these schemes. The results show that TRDBL achieves the
lowest regret value and the smallest time-averaged energy
consumption among the three schemes. For example, in
Figure 11(a), given V = 3 x 107, the regrets under RND
and DAC are 24.35% and 21.11% higher than that under
TRDBL, respectively. In Figure 11(b), given V = 3 x 107,
the total energy consumptions under RND and DAC are
1.43% and 1.63% more than that under TRDBL, respectively.
Moreover, in contrast to TRDBL, the other two schemes
(RND and DAC) fail to satisfy all the time-averaged energy
constraints in (10) and (12).3 In summary, TRDBL achieves a
better performance than the two baseline schemes in terms
of both regret value and energy consumptions.

7 CONCLUSION

In this article, we considered the joint problem of task
scheduling and resource allocation with unknown wireless

3. Recall that the energy budgets for the LEO satellite and each of
the 36 GSs are set as 115 | and 300 ], respectively. Therefore, the total
time-averaged energy consumption of the LEO satellite and all GSs
should not exceed 10915 J. However, the time-averaged total energy
consumptions under RND and DAC are 10945.48 | and 10967.07 J,
respectively.
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Fig. 11. Comparison of TRDBL and baseline schemes.

channel conditions between space and ground in satellite-
terrestrial integrated networks with the goal of minimizing
task latencies. We formulated the problem as a constrained
CMAB problem and designed a novel task scheduling and
resource allocation scheme called TRDBL by integrating on-
line control, online learning, and offline historical informa-
tion. Our theoretical analysis and simulation results showed
that TRDBL achieves a sublinear time-averaged regret under
energy consumption constraints.
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