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Abstract— Constructing earth-fixed cells with low-earth orbit
(LEO) satellites in non-terrestrial networks (NTNs) has been the
most promising paradigm to enable global coverage. The limited
computing capabilities on LEO satellites however render tackling
resource optimization within a short duration a critical challenge.
Although the sufficient computing capabilities of the ground
infrastructures can be utilized to assist the LEO satellite, different
time-scale control cycles and coupling decisions between the
space- and ground-segments still obstruct the joint optimization
design for computing agents at different segments. To address
the above challenges, in this paper, a multi-time-scale deep
reinforcement learning (DRL) scheme is developed for achieving
the radio resource optimization in NTNs, in which the LEO
satellite and user equipment (UE) collaborate with each other to
perform individual decision-making tasks with different control
cycles. Specifically, the UE updates its policy toward improving
value functions of both the satellite and UE, while the LEO
satellite only performs finite-step rollout for decision-makings
based on the reference decision trajectory provided by the UE.
Most importantly, rigorous analysis to guarantee the performance
convergence of the proposed scheme is provided. Comprehensive
simulations are conducted to justify the effectiveness of the
proposed scheme in balancing the transmission performance and
computational complexity.
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I. INTRODUCTION

TOWARD fulfilling the ubiquitous connectivity scenario of
the International Mobile Telecommunications for 2030

(IMT-2030), non-terrestrial networks (NTNs) involving var-
ious flying stations (i.e., satellites, high-altitude platforms
or unmanned aerial vehicles (UAVs)) have been integrated
with new radio (NR) technology of the third generation
partnership project (3GPP) to provide wireless services to
rural areas uncovered by traditional terrestrial networks [2].
In 3GPP NR based NTNs (NR-NTNs), the stations with the
transparent payload can only repeat the signals, while the
stations with the regenerative payload can further provide
coding/modulation, switching/routing and radio resource man-
agement (RRM) functions of the BS. From 3GPP Release 15,
the geostationary earth-orbit (GEO) and low earth-orbit (LEO)
satellites have been regarded as key deployment scenarios
[3]. Particularly, to achieve satellite direct-to-device services,
LEO satellites have emerged as a major paradigm with the
merits of a lower signal propagation delay and a lower signal
attenuation level over GEO satellites. Toward implementing
global coverage, more than 17,000 LEO satellites are projected
to be launched by 2030 to form constellations. Nevertheless,
since LEO satellites revolve around the earth with extremely
high speeds (i.e., 7,000 meters per second), the throughput
performance of the LEO satellite service is significantly
subject to the varying link quality and short dwell duration
between the satellite and user equipment (UE) on the ground.
Therefore, the moving cell pattern of the LEO satellite raises
critical challenges in pursuing stable high-throughput satellite
links.

To implement seamless services for the UE, two cell scenar-
ios based on whether an LEO cell is stationary respect to the
earth surface (i.e., earth-moving cell and earth-fixed cell) have
been considered in 3GPP NR-NTNs [2]. In the earth-moving
cell scenario, the beam of the LEO satellite fixes toward a
certain direction, and thus the beam coverage moves along
with the moving position of the LEO satellite. In this case, due
to the severe time-varying propagation attenuation incurred
by the rapid movement of the LEO satellite, the throughput
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performance of a specific set of UEs degrades sharply, and
these UEs should be handed over frequently between the
leaving satellite/beam and a newly arriving satellite/beam.
To enhance the consistency of services, in the earth-fixed cell
scenario, the LEO satellite needs to adjust its beam direction in
a nearly real-time manner to keep its beam pointing a specific
terrestrial area within its dwell duration. At the same time,
radio resources in the time domain or the frequency domain
also need to be optimized timely according to the variations on
link qualities and throughput requirements of UEs. To perform
the above real-time RRM function, a regenerative payload is
mandatory for LEO satellites, which demands considerable
on-board computing capabilities. However, the on-board com-
puting capability of the LEO satellite is largely constrained by
the energy supply and payload weight, and it may be harmed
by cosmic radiations of the space environment in practical
deployments. In this case, alleviating the computing burdens
of LEO satellites turns out to be the key to empower NTNs.

Fortunately, different from the fact that both LEO satellites
and terrestrial sensors have limited energy supplies in 3GPP
Narrowband Internet-of-Thing (NB-IoT) based NTNs [4], the
terrestrial components (i.e., hand-held devices and vehicles)
in 3GPP NR-NTNs normally have sufficient energy supplies
and can achieve powerful computing capabilities over those
non-terrestrial components [5]. Therefore, to implement the
earth-fixed cell scenario, part of huge computations of the
RRM function can be offloaded to the UE so that the com-
puting burden on the LEO satellite can be alleviated. To this
end, the multi-agent scheme can be adopted as an effective
methodology to form collaborative decision-making mecha-
nism to optimize the overall performance, as it can decompose
the high-dimensional overall performance optimization into
low-dimensional optimizations for multiple agents. However,
there are two critical challenges in constructing such a
multi-agent scheme involving multiple stations with different
computing capabilities. On the one hand, the control cycle for
the resource optimization is mainly subject to the computing
capability, and thus the control cycles for the LEO satellite
and UE with different computing capabilities may be different.
In this case, since the resource decisions optimized at different
time-scales are coupled, fully distributed agents may be unable
to obtain converged policies. On the other hand, although the
backward induction spirit in Stackelberg game [6] is feasible
if the knowledge of different stations are perfectly known, the
satellite/UE cannot easily obtain its required knowledge from
other stations especially when their control cycles are different.
For instance, the LEO satellite with a limited computing
capability must consume much energy to infer the variations
of the UE before making its decisions.

Recently, the deep reinforcement learning (DRL) technique
has been regarded as a promising paradigm for handling
sequential decision-making tasks with the merits of inferring
environmental knowledge from the continuous interactions
with the environment. Therefore, through regarding the others
as a part of the environment, the LEO satellite and UE can
act as distributed DRL agents to derive the optimal poli-
cies, leading to a multi-time-scale multi-agent DRL scheme.
In the literature, there is still a lack of analytical foundation

to achieve continuous policy improvements in such a DRL
scheme, and particularly how to achieve the convergence
of different agents’ policies still remains a thorny issue
[7]. To thoroughly address these key issues and pave these
analytical foundations, in this paper, we focus on the two-time-
scale two-agent scenario in NTNs (i.e., one LEO satellite and
one UE are considered), which creates the research roadmap
toward the multi-time-scale multi-agent DRL scheme.

In this paper, we propose a two-time-scale collaborative
DRL scheme for the two-time-scale two-agent scenario, and
apply this scheme to optimize the beam direction and resource
allocation of the earth-fixed cell of NTNs. Specifically, the
LEO satellite determines its transmitting beam and resource
reservation scheme with a large-time-scale control cycle, and
the UE optimizes its receiving beam pattern and resource
access policy based on its data rate demands with a small-time-
scale control cycle. To the best of our knowledge, this scheme
is the pioneer to adopt two-time-scale two-agent DRL to solve
resource optimizations of the earth-fixed cell of NTNs. Most
notably, this paper provides a comprehensive convergence
analysis for the investigated two-time-scale two-agent DRL,
which can be adopted to other usage scenarios and extended
to the general multi-agent scenarios. The main contributions
and principles of this scheme include the followings.

• With the objective of reducing the optimization prob-
lem size, we first propose a two-time-scale two-agent
Markov decision process (TTMDP) model considering
the mutual-impact between agents with different con-
trol cycles. The joint optimization of beam management
and resource allocation is designed and formulated as
large-time-scale and small-time-scale MDPs for the LEO
satellite and UE, respectively.

• Considering the limited computing capability of the LEO
satellite, the UE with the sufficient computing capability
handles most of computations for tackling the proposed
TTMDP model. To this end, the trust region policy
optimization (TRPO) is adopted to create monotonic pol-
icy improvement directions for both agents (in different
tiers) at the UE side. Subsequently, an efficient finite-step
rollout algorithm is developed for the LEO satellite to
obtain the optimal policy along the improvement direction
derived by the UE.

• Since the performance convergence is the key to enable a
distributed DRL scheme, we develop rigorous analytical
foundations for the proposed TTMDP model, and derive
the convergence guarantee of the proposed two-time-scale
two-agent DRL scheme. Additionally, for each agent in
the proposed scheme, the bounds on the convergence
error and convergence time are also provided.

• Extensive simulations are conducted, which show
that the proposed scheme substantially improves the
overall throughput over existing DRL-based schemes
without proper collaboration designs. Additionally,
compared to the combinations of searching-based/
geometry-based beam optimization schemes and greedy-
based/fixed/bandit-based resource allocation schemes, the
proposed scheme can also tackle the trade-off between the

Authorized licensed use limited to: University of Waterloo. Downloaded on May 14,2024 at 01:45:40 UTC from IEEE Xplore.  Restrictions apply. 



4934 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 23, NO. 5, MAY 2024

overall throughput, resource utilization and computational
complexity.

The rest of this paper is organized as follows. The related
work is presented in Section II. In Section III, the system
model and problem formulation are specified. In Section IV,
we provide the facilitation details and convergence analysis
of the proposed two-time-scale collaborative DRL scheme.
Furthermore, the simulation results are presented in Section V,
and the paper is concluded in Section VI.

II. RELATED WORK

As steerable beams are of most importance in the earth-fixed
cell, many researches concentrate on the beam optimiza-
tion of the LEO satellite. In [8], a family of transmitting
beam codebooks was designed through capturing the relative
movements of the LEO satellites to UEs. In [9], a coop-
erative multi-satellite transmission scenario was considered,
and a distributed precoding scheme for the satellite swarm
was proposed to optimize the achievable rate at the ground
gateway. Furthermore, the link establishment issue for LEO
satellites with beam steering was tackled through a greedy
matching algorithm in [10]. While in [11], the downlink
channel model for the LEO-UE pair with uniform planar
arrays (UPAs) was derived, and the optimal transmission
strategy was also developed to maximize the ergodic sum rate
of multiple UEs. Furthermore, to achieve a good trade-off
between the performance and complexity, a beam-updating-
frequency-reducing scheme was investigated in [12] to design
long-term effective codebooks based on the slow variations
of space-terrestrial links to replace the real-time adjustments.
Nevertheless, in those existing works, it is assumed that a line-
of-sight (LOS) link always exists between an LEO satellite and
any UE, and thus only the slow variations of space-terrestrial
links are considered (namely, relative positions and average
channel gains) to optimize the statistical performance. How-
ever, in the practical NTN deployment, the LOS link may
not generally exist. If the elevation angle of the LEO satellite
moving path is not sufficiently large, the link between an
LEO satellite and a ground UE may be scattered by the
landform. In this case, the fast-scale variations (namely, multi-
path effects and doppler shifts) should also be adequately
taken into considerations to further enhance the instantaneous
performance.

With the merit of developing data-driven schemes, DRL uti-
lizing deep neural networks (DNNs) as powerful approxima-
tion methods has been introduced to enhance the adaptability
of the resource management schemes to the environmental
variations both in slow and fast scales. For example, DRL
was adopted to optimize the bandwidth allocation for the
multi-beam LEO satellite with dynamic traffic loads [13].
Furthermore, in [14], the joint optimization of the beam
pattern and bandwidth allocation was solved by a multi-agent
DRL scheme through adopting each beam of the satellite
as an agent. However, even with a non-DRL method, the
LEO satellite with a limited computing capability cannot
satisfy the real-time RRM requirement of the earth-fixed cell,
especially facing the high-dimensional optimization of beam

direction and resource allocation. To successfully perform the
decision-making task with low complexity, the LEO satellite
needs to offload the DRL model training task to terrestrial
stations with powerful computing capabilities. To this end,
distributed model-training architecture such as federated learn-
ing can also be utilized to train a global DRL model to be
employed at the satellite side [15], [16]. Nevertheless, since
the number of DNN parameters is mainly determined by the
optimization dimension, a large amount of signaling overheads
can be incurred by frequent DRL-model-parameter exchanges
between the LEO satellite and terrestrial stations.

To practically implement the distributed control architec-
ture with low signaling overheads, stations involved in the
resource optimization should actively configure correspond-
ing resources, and thus the multi-agent DRL scheme for
stations with different characteristics and capabilities should
be constructed. Recently, multi-time-scale DRL schemes have
been widely investigated for stations with different control
cycles [17], [18], [19], [20], [21]. In [18], deep Q-network
and particle swarm optimization algorithms were adopted
to derive the large-time-scale server selection policy and
small-time-scale resource allocation policy, respectively. Addi-
tionally, a multi-time-scale coordination model was developed
for self-organizing networks, and the corresponding resource
optimization was solved by a Q-learning algorithm in [19].
While in [20], a hybrid actor-critic algorithm was proposed to
tackle a two-time-scale MDP formulated for LEO-assisted task
offloading. However, the most crucial and fundamental issue
in existing multi-time-scale and multi-agent DRL methods is
the lack of analytical foundation to guarantee the performance
convergence. Although the convergence analysis of a two-
time-scale DRL-based stochastic optimization scheme was
provided in [21], the convergence of the multi-time-scale
multi-agent DRL scheme remains a research hole. Different
from prior works, this paper provides the policy improvement
mechanism and corresponding convergence performance anal-
ysis for the two-time-scale two-agent DRL scheme, which
offers a fundamental breakthrough toward multi-time-scale
multi-agent DRL schemes.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

As illustrated in Fig. 1, in this paper, the downlink transmis-
sions in the NTN are considered, in which a specific ground
UE is serviced by an LEO satellite moving along a predesigned
orbit. UPAs with different numbers of antennas are deployed
both at the LEO satellite and ground UE, and consequently
there are Nx

t and Ny
t antennas in x- and y-axis of LEO

satellite’s UPA, respectively. The total number of antennas on
an LEO satellite is therefore Nt = Nx

t ×Ny
t . At the UE side,

there are Nx′

r and Ny′

r antennas in x′- and y′-axis of its UPA,
respectively, and the total antenna number is Nr = Nx′

r ×Ny′

r .
1) Channel Model: According to [11], the (small-scale)

downlink channel gain between the LEO satellite and UE at
time instant t and frequency f can be given as,

Ht,f =
L−1∑
l=0

αle
j2π[tvl−fτl]ar(θRx

l , ϕRx
l )aH

t (θTx
l , ϕTx

l ), (1)
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Fig. 1. The LEO downlink transmission model, in which one moving LEO satellite services the ground UE.

where L is the number of multi-paths, αl, vl and τl are
the complex-valued gain, Doppler shift and propagation delay
at path l, respectively, and (·)H is the conjugate transpose
operation. Additionally, the transmitting 3D-steering vector at
path l with angles-of-departures (AoDs) of azimuth angle θTx

l

and elevation angle ϕTx
l is defined as

at(θTx
l , ϕTx

l ) = at,x(θTx
l , ϕTx

l )⊗ at,y(θTx
l , ϕTx

l ), (2)

where at,x(θTx
l , ϕTx

l ) and at,y(θTx
l , ϕTx

l ) are the steering vec-
tors on the x- and y-directions, which can be given by

at,x(θTx
l , ϕTx

l ) =
1√
Nx

t

[1, ej 2π
λ dt sin(ϕTx

l ) cos(θTx
l ), . . . ,

ej 2π
λ (Nx

t −1)dt sin(ϕTx
l ) cos(θTx

l )]T, (3)

at,y(θTx
l , ϕTx

l ) =
1√
Ny

t

[1, ej 2π
λ dt cos(ϕTx

l ), . . . ,

ej 2π
λ (Ny

t −1)dt cos(ϕTx
l )]T, (4)

where λ is the wave length, (·)T is the transpose operator and
dt is the inter-antenna spacing of the transmitting UPA.

Similarly, the three-dimensional (3D) steering vector of
receiving UPA at path l with angles-of-arrivals (AoAs) of
azimuth angle θRx

l and elevation angle ϕRx
l is given by

ar(θRx
l , ϕRx

l ) = ar,x′(θRx
l , ϕRx

l ) ⊗ ar,y′(θRx
l , ϕRx

l ), where the
steering vectors with inter-antenna spacing of dr on the x′-
and y′-directions are expressed by

ar,x′(θRx
l , ϕRx

l ) =
1√
Nx′

r

[1, ej 2π
λ dr sin(ϕRx

l ) cos(θRx
l ), . . . ,

ej 2π
λ (Nx′

r −1)dr sin(ϕRx
l ) cos(θRx

l )]T, (5)

ar,y′(θRx
l , ϕRx

l ) =
1√
Ny′

r

[1, ej 2π
λ dr cos(ϕRx

l ), . . . ,

ej 2π
λ (Ny′

r −1)dr cos(ϕRx
l )]T. (6)

2) Downlink Transmission Model: The orthogonal
frequency-division multiple access (OFDMA) has been
widely adopted by state-of-the-art NTNs such as the 3GPP
NR-NTN. For OFDMA downlink transmissions, a radio
resource pool is composed of M time-frequency resource
blocks (RBs) indexed by M = {0, . . . ,M − 1}. Particularly,
multiple RBs can be allocated to the UE at each time slot,

and a binary indicator bn,m is adopted to indicate whether
RB m is allocated to the UE at time slot n, i.e., bn,m = 1 if
RB m is allocated to the UE at time slot n, and bn,m = 0,
otherwise. In this case, the downlink channel gain in (1) can
be rewritten as Hn,m by replacing t = nTs and f = m

Ts
,

where Ts is the time duration of one OFDM symbol.
Denote transmitting beam of angles (θn

t , ϕn
t ) at the LEO

satellite and receiving beam of angles (θn
r , ϕn

r ) at the UE as
wt(θn

t , ϕn
t ) ∈ CNt×1 and wr(θn

r , ϕn
r ) ∈ CNr×1, respectively,

with the same definitions as at(·) and ar(·). The received
signal at the UE side in RB m at time slot n can be expressed
based on the downlink channel gain defined in (1), i.e.,

yn,m(θn
t , ϕn

t , θn
r , ϕn

r )

=
√

PtLnwr(θn
r , ϕn

r )HHn,mwt(θn
t , ϕn

t )xn,m

+ wr(θn
r , ϕn

r )Hz, (7)

where Pt is the transmitting power, Ln is the pathloss between
the LEO satellite and UE at time slot n, xn,m is the transmit
signal with unit power, and z ∼ CN (0, δ2

zINr×1) is the
additive white Gaussian noise (AWGN) with zero mean and
variance of δ2

z = kBTsB, where kB , Ts and B are the
Boltzmann constant, noise temperature, and bandwidth of each
RB, respectively. Therefore, the signal-to-noise-ratio (SNR) of
the UE in RB m at time slot n is given as

ϖn,m(θn
t , ϕn

t , θn
r , ϕn

r )

=
PtLn|wr(θn

r , ϕn
r )H

Hn,mwt(θn
t , ϕn

t )|2

δ2
z

. (8)

From (8), it can be found that the SNR at the UE side is
mainly determined by the beam gain |wr

HHn,mwt|2. The
receiving rate of the UE in RB m at time slot n therefore can
be expressed as

cn,m(θn
t , ϕn

t , θn
r , ϕn

r ) = B log2(1 + ϖn,m(θn
t , ϕn

t , θn
r , ϕn

r )).
(9)

B. Two-Time-Scale Resource Configuration Mechanism

In 3GPP NR-NTNs, the UE with a sufficient energy supply
can act as a powerful computing platform, while the LEO
satellite with a limited energy supply only has limited com-
puting capability. In this case, as shown in Fig. 1, we propose
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a two-time-scale resource configuration mechanism, in which
the LEO satellite and UE configure radio resources with
different time-scales (or control cycles). Specifically, aiming
at alleviating the computing burdens of the LEO satellite,
the periodic resource configuration policy [12] is adopted
for the LEO satellite to configure its resource with a large
control cycle. Then, the UE performs small-scale adjustments
on corresponding resources to enhance its receiving rate per-
formance.

For the LEO satellite, toward constructing the earth-fixed
cell for the UE, the transmitting beam should be optimized
along the moving trajectory. Moreover, since the number of
available RBs is normally limited, the utilization of RBs is
of crucial importance. If the LEO satellite allocates all the
RBs to the UE within its large control cycle, severe wasting
of RBs may happen. To improve the utilization of RBs, only
a minimum number of RBs with respect to the best channel
gains between the LEO satellite and UE should be reserved
by the LEO satellite for the UE to form a pre-configured RB
set, which is denoted as Mn

LEO at time slot n. Therefore, the
LEO satellite should optimize the transmitting beam and the
pre-configured RB set every T time slots. This indicates that
one single control cycle of the LEO satellite is composed of
T time slots, and the control cycle index k can be given
by k = ⌊ n

T ⌋. Therefore, Mn
LEO ⊆ M can also be denoted

as Mk
LEO. Particularly, the control cycle length T can be

determined based on the ephemeris of the LEO satellite.
Following the transmitting beam direction and pre-configured
RB set of the LEO satellite, the UE should adjust its receiving
beam direction and access RBs selected from Mk

LEO to satisfy
its receiving rate demand Dn

UE at time slot n. Thus, the control
cycle of the UE is one time slot,1 and its control cycle index
is equivalent to the time slot index n, i.e., i = n. Hence, its
receiving rate demand Dn

UE can also be denoted as Di
UE. Please

also note that the time slot lengths of the LEO satellite and
UE are the same and their time slot boundaries are aligned,
and the time synchronization is out of the scope of this paper.

C. Problem Formulation

Based on the above two-time-scale resource configuration
mechanism, an RB minimization problem is mathematically
formulated.

Optimization 1: A long-term minimization problem for the
number of utilized RBs with respect to transmitting-receiving
beam optimization and RB selection from time slot 0 to time
slot N − 1 is given by

min
{θn

t ,ϕn
t ,θn

r ,ϕn
r },{bn,m},{Mn

LEO}

1
N

N−1∑
n=0

M−1∑
m=0

bn,m (10)

s.t.
∑

m∈Mn
LEO

bn,mcn,m(θn
t , ϕn

t , θn
r , ϕn

r ) ≥ Dn
UE,∀n,

(11)
bn,m ∈ {0, 1},∀m ∈M,∀n, (12)

1Generally, the control cycle of the UE is defined based on the transmission
duration of the satellite link, and can be with an arbitrary length in the time
domain. In this paper, one time slot is adopted as an example to indicate the
real-time RRM optimization.

0 ≤ ζ ≤ π,∀ζ ∈ {θn
t , ϕn

t , θn
r , ϕn

r },∀n, (13)
Mn

LEO ⊆M,∀n. (14)
In Optimization 1, the variables belonging to heteroge-

neous agents (namely, LEO satellite and UE) are of different
characteristics (e.g., valid during multiple time slots or at each
time slot) and coupled with each other. Consequently, if a
centralized approach to solve this optimization is applied, the
joint optimization composed of these variables with different
time scales results in an extremely high dimensional decision
space, and a huge number of decision trajectories over multiple
time slots need to be explored repeatedly to estimate the
performances under all the variable combinations, leading to
an unaffordable computational overheads.

To address the above issue, the multi-agent approach
becomes a promising remedy. Specifically, these optimization
variables can be separated into distinct sets, and a series
of single-stage optimizations are defined by different sets of
variables. To this end, according to whether a variable should
be determined by the LEO satellite or UE, Optimization 1
can be transformed into multiple distinct but dependent MDPs.
Regard the LEO satellite and UE as the high-tier agent (with
a longer control cycle) and low-tier agent (with a shorter
control cycle), respectively, and their corresponding MDPs can
be denoted as < SH ,AH ,PH(πH , πL), RH(πH , πL) > and
< SL,AL,PL(πH , πL), RL(πH , πL) >, where SH , AH , πH ,
PH(πH , πL) and RH(πH , πL) (SL, AL, πL, PL(πH , πL) and
RL(πH , πL)) are state space, action space, policy function,
i.e., aH = πH(sH) (aL = πL(sL)), state transition probabil-
ity and reward function of the higher-tier (lower-tier) agent,
respectively. Since the state transition probabilities and reward
functions of agents are influenced by the policies of each other,
the value functions can be given as

V πH (sH ; πL) = EπH
[
∞∑

k=0

γH
kRH(sk

H , πH(sk
H),

τL(πL))|s0
H = sH ], (15)

V πL(sL; πH) = EπL
[
∞∑

i=0

γL
iRL(si

L, πL(si
L),

τH(πH))|s0
L = sL], (16)

where E[·] is the expectation operator, and γH and τH(πH)
(γL and τL(πL)) are the discount factor and decision trajectory
of the higher-tier (lower-tier) agent, respectively. Thus, the
combination of the above two MDPs of the LEO satellite and
UE leads to a TTMDP model.

Due to the difference of T time slots between control cycles
of the LEO satellite and UE, the optimization of deriving the
optimum policies of the TTMDP can be formulated as the sum
of accumulated rewards of agents at different tiers, i.e.,

max
πH ,πL

E[
NH∑
k=0

[RH(sk
H , πH(sk

H), τL(πL))

+
T−1∑
p=0

RL(sTk+p
L , πL(sTk+p

L ), τH(πH))]], (17)

where NH = ⌊N−1
T ⌋. To tackle different agents’ MDPs, the

concept of the leader-follower game [22] architecture can be
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Fig. 2. The proposed two-time-scale collaborative DRL scheme in this paper.

adopted when accurate transition probabilities between states
of these MDPs are available at the leader side, which is used
for the leader to calculate the best decisions not only for
itself but also for the follower (also known as the backward
induction). How to solve the TTMDP with backward induction
will be detailed in the following section.

IV. TWO-TIME-SCALE COLLABORATIVE
DRL SCHEME IN NTN

Through transforming Optimization 1 as the TTMDP,
the LEO satellite and UE as higher- and lower-tier agents
perform decision-making tasks with different control cycles to
collaboratively solve corresponding MDPs, leading to a two-
time-scale feature. Please note that the basic time-scale is not
fixed in the time domain, and it refers to the time duration
when one decision-making task is completed by the agent,
namely, the control cycle. In this case, there are two main
obstacles: 1) the design of collaboration operations for hetero-
geneous agents; 2) the convergence guarantee of the proposed
scheme. In 3GPP NR-NTNs, with the rapid development of the
moving computing platform and the sufficient energy supply,
the UE (such as a hand-held device or vehicle) with the suffi-
cient energy supply has superior computing capabilities over
the LEO satellite (whose computing platforms are affected
negatively by the space environment), and it can therefore
support maniford computing tasks in DRL-model-updating
and policy-prediction. In this case, motivated by the backward
induction, the UE with the powerful computing capability
should improve both the value functions of the LEO satellite
and UE simultaneously (similar to a leader in the leader-
follower game). Therefore, owing to the coupled policies of
the LEO satellite and UE, we should first derive the effects of
their decision-makings on respective value functions, which
are then adopted by the UE to calculate the improvement
directions of both the value functions at the UE side and
the LEO satellite side. Then, the LEO satellite only needs
to perform a finite-step rollout algorithm to determine its best
policies based on the obtained reference decision trajectory

from the UE. Through updating policies at the LEO satellite
and UE iteratively, both the value functions can converge, and
we will present corresponding analysis.

A. MDP Formulations of the LEO Satellite and UE

As shown in Fig. 2, the two-time-scale collaborative DRL
scheme constituted by the LEO satellite and UE with dif-
ferent control cycles is proposed. Since the performance of
the DRL-based algorithm is determined by the design of
state space, action space and reward function of the MDP,
we should first present the state spaces, action spaces and
reward functions for respective MDPs of different agents in
the TTMDP model according to Optimization 1.

Definition 1: MDP of the LEO satellite

• State Space: Since the LEO satellite needs to capture
the variation patterns on relative position and receiving
data demand of the UE within its control cycle, a state of
the LEO satellite is composed of two groups: 1) position
of the LEO satellite, i.e., pk

LEO = (xk
LEO, yk

LEO, zk
LEO);

2) average SNR over the selected RBs at each time
slot within its (k − 1)-th control cycle, i.e., ϖ̄k−1 =

1∑
m∈M

bL
k−1,m

∑
m∈M

bL
k−1,mϖ(k−1)T+p,m, p = 0, . . . , T −1.

Thus, the state can be given as

sk
H = {pk

LEO; ϖ̄(k−1)T , . . . , ϖ̄(k−1)T+(T−1)}. (18)

where bL
k,m = 1 if RB m is selected by the LEO satellite

within k-th control cycle, and bL
k,m = 0, otherwise.

• Action Space: The LEO satellite needs to determine
its transmitting beam direction and select a set of RB
candidates for each control cycle, i.e.,

ak
H = {θk

t , ϕk
t ;Mk

LEO}. (19)

To decrease the dimension of action space, a non-
codebook design with the discrete adjustment angle is
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adopted to determine the transmitting beam direction.2

Namely, an adjustment angle is selected from the LEO
satellite’s discrete angular set (e.g., {−∆, 0, ∆}, where ∆
is the unit adjustment angle), which is added to the initial
beam direction as a new beam direction within its current
control cycle. Particularly, Mk

LEO = {bL
k,m, m ∈M}.

• Reward Function: According to constraint (11) in Opti-
mization 1, the LEO satellite should enhance the SNR in
(8), and then select RB sets with respect to the highest
average receiving rate so that the number of RBs utilized
by the UE can be reduced. Therefore, the reward function
is defined as the average receiving rate within time slots
satisfying constraint (11) within each control cycle, i.e.,

Rk
H

=
1
T

T−1∑
p=0

IDemand

· {

∑
m∈M

bL
k,mbkT+p,mckT+p,m(θk

t , ϕk
t , θkT+p

r , ϕkT+p
r )∑

m∈M
bL
k,mbkT+p,m

},

(20)

where IDemand is the indicator function of constraint (11),
i.e., IDemand = 1 if (11) is satisfied, and IDemand = 0,
otherwise.

Definition 2: MDP of the UE
• State Space:To capture the channel variations, there are

two groups in a state of UE: 1) SNR in each RB at
the last time slot, i.e., {bL

k,mbi−1,mϖi−1,m,∀m ∈ M};
2) average signal strengths at receiving antennas
over selected RBs at the last time slot, i.e., Γi−1 =

1∑
m∈M bL

k,mbi−1,m

∑
m∈M

bL
k,mbi−1,m|Hi−1,mwt(θk

t , ϕk
t )|.

Thus, the state can be given as

si
L = {bL

k,0bi−1,0ϖi−1,0, . . . ,

bL
k,M−1bi−1,M−1ϖi−1,M−1;Γi−1}. (21)

• Action Space: The UE at each time slot needs to adjust
its receiving beam direction and access proper RBs from
pre-planned RB candidates, i.e.,

ai
L = {θi

r, ϕ
i
r; b

L
k,0bi,0, . . . , b

L
k,M−1bi,M−1}. (22)

The UE also determines its receiving beam direction
through adding an adjustment angle sampled from its
discrete angular set, e.g., {−3∆,−2∆, . . . , 3∆}.

• Reward Function: To minimize the number of utilized
RBs, the RB with respect to the highest receiving rate
should be selected first to satisfy the constraint (11).
To this end, the instantaneous reward function is com-
posed of the average receiving rate of selected RBs and

2If continuous beam directions are considered, there is a continuous-discrete
hybrid action space. In this case, multiple DNNs outputting continu-
ous/discrete actions should be introduced, and the integration of those
DNNs should be carefully designed, which is similar to the multi-pass deep
Q-network [23]. Therefore, the solution for such a hybrid action space will
be investigated in the future research.

a satisfactory punishment to avoid wasting RBs, i.e.,

R̂i
L =

∑
m∈M

bL
k,mbi,mci,m(θk

t , ϕk
t , θi

r, ϕ
i
r)∑

m∈M
bL
k,mbi,m

+ ηΩi, (23)

where Ωi = min[
∑

m∈M
bL
k,mbi,mci,m −Di

UE, 0] is the sat-

isfactory punishment, and η is a punishment coefficient.
Moreover, to alleviate fast variations in each time slot,
a first-in-first-out (FIFO) buffer Br is adopted to perform
moving average over instantaneous rewards, and then
the average value of Br is adopted as the final reward
function of the UE, i.e., Ri

L = EBr
[R̂i

L], where EBr
[·] is

the expectation over instantaneous rewards in buffer Br.

B. Design for Two-Time-Scale Collaborative DRL Scheme

Before introducing details of the proposed two-time-scale
scheme, we should first overview the conventional schemes for
addressing “multi-time-scale MDP” issues. In [24], although
the state and action space for each agent at different time
scales are non-overlapping, the state transition probabilities
of the lower-tier agent is mainly determined by the large-
time-scale policy. Moreover, the proposed solution in [24]
is only suitable for MDP with a low-dimensional decision
space. However, in our MDP formulation, the state transition
probabilities of agents at different time scales are influenced
by each other. In this case, our considered MDP model is
also different from other works on MDPs with “goals” [25],
“options” [26] or “skills” [27], in which only either state
spaces or action spaces at different time scales are distinct
and the state transition probabilities of the MDP are not
influenced by these hierarchical variables. To formulate the
mutual influences between agents at different time scales, the
game-theoretic view [28] has been widely adopted in recent
works, and the multi-agent system is normally formulated as a
differential games such as differential Stackelberg game [29],
in which strong assumptions of knowing variations of the
environment and the existence of the unique best response
at a smaller time scale need to be imposed.

With the merit of addressing non-stationarity in multi-
agent systems, the sequential updating scheme [30] is adopted
for agents updating their policies independently at different
time scales through observing other agent’s decision trajectory
τL(πL) or τH(πH). This indicates that our proposed scheme
is synchronous. Additionally, with the spirit of backward
induction, the DRL scheme to address the TTMDP should
be designed based on the practical computing capabilities of
the LEO satellite and UE. Considering the sufficient com-
puting capability, the UE as the lower-tier agent needs to
calculate the policy improvement directions for both agents
in different tiers, and then the LEO satellite as the higher-tier
agent updates its policy based on the reference improvement
direction provided by the UE. Therefore, as shown in Fig. 2,
one policy updating stage in our proposed scheme is composed
of two phases. In the first phase, the lower-tier agent needs to
maximize its value function over its original policy π′L given a
fixed higher-tier policy. Moreover, since the higher-tier MDP
is influenced by the lower-tier policy, the lower-tier agent
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also needs to reconsider its impact on the higher-tier agent
and provides a “correct” ascent direction for improving the
value function of the higher-tier agent over its policy πH .
To this end, the policy of the lower-tier agent should be
updated along an average direction for improving advantages
of different agents simultaneously. If we regard the future
higher-tier policy π̄H as a function of πL, i.e., π̄H = f(πL),
the policy updating rule at the lower-tier agent can be

π̄L = arg max
πL∈AL

{(ρL(πL, f(πL))− ρL(π′L, πH))

+ (ρH(πH , πL)− ρH(πH , π′L))}, (24)

where ρL(π′L, πH) =
∑

sL
d

π′L,πH

L (sH)
∑

aL∈AL
πL(aL|sL)

Qπ′L
(sL, aL; πH) with the state distribution of d

π′L,πH

L (sL)
is the expected value function of the lower-tier agent under
policies of π′L and πH , in which Qπ′L

(sL, aL; πH) =
Es′H∼PL(sH ,π′L,πH)[RH(sH , aH , τL(π′L)) + γHV πH

(s′H ; π′L)] = Aπ′L
(sL, aL; τH(πH)) + V πH (sH ; π′L) is

the state-action value function, while ρH(πH , π′L) is the
expected value function of the higher-tier agent under policies
of π′L and πH , and can be defined in a similar way to the
state distribution of d

π′L,πH

H (sH).
To obtain the desired policy improvement direction for

the lower-tier agent, we need to analyze the impact of the
lower-tier agent’s policy to the higher-tier agent. Based on
the independent decision-making assumption in [28] and trust
region policy assumption in [31], the policy improvement
bounds incurred by the lower-tier agent can be derived, which
are shown in the following Lemma 1.

Lemma 1: When the lower-tier agent updates its policy
from π′L to πL with a policy-updating coefficient αL, the policy
improvement bounds for the higher-tier can be given as

ρH(πH , πL)− ρH(πH , π′L)

≥ LπH
(πL)− 4ϵH(πL)(1− (1− αL)T )2γH

(1− γH)(1− (1− αL)T γH)
, (25)

where ϵH(πL) = maxsH ,aH∼πH ,τ ′L∼π′L
|AπH

(sH , aH ;
τL(π′L))| is the maximum value of the higher-tier agent’s orig-
inal advantages. LπH

(πL) is the higher-tier agent’s expected
advantage function from policies of (π′L, πH) to policies of
(πL, πH), which can be given as

LπH
(πL)

=
∑
sH

d
π′L,πH

H (sH)
∑

aH∈AH

πH(aH |sH)AπL
(sH , aH ; τL(πL)).

(26)

On the other hand, the policy improvement bounds for the
lower-tier agent

ρL(πL, f(πL))− ρL(π′L, πH)
≥ Lπ′L,πH

(πL, f(πL))

− 4(1− (1− αL)(1− αH)
1
T ) · ϵL(πH) · { 1

1− γL

− 1− γL
T (1− αL)T

(1− γL(1− αL))(1− γL
T (1− αL)T (1− αH))

},

(27)

where αH is the higher agent’s policy-updating coefficient,
and ϵL(πH) = maxsL,aL∼π′L,τH∼πH

|Aπ′L
(sL, aL; τH(πH))|

is the maximum value of the lower-tier agent’s original advan-
tages. Lπ′L,πH

(πL, f(πL)) is the lower-tier agent’s expected
advantage function from policies of (π′L, πH) to policies of
(πL, f(πL)), which can be given as

Lπ′L,πH
(πL, f(πL))

=
∑
sL

d
π′L,πH

L (sL)
∑

aL∈AL

πL(aL|sL)AπL
(sL, aL; τH(f(πL))).

(28)
Proof: Please refer to Appendix A. □

With the facilitation of Lemma 1, a proper policy can be
obtained through continuously improving the derived lower
bounds. Considering that the policy of the higher-tier agent
is near-stationary (i.e., f(πL) ≈ πH ), maximizing the above
policy bounds can be equivalent to maximizing LπH

(πL) and
Lπ′L,πH

(πL, πH) under the lower-tier agent policy π′L with the
trust region constraints of O(αL

T ) and O(αH
1
T −1). To tackle

the optimization with given policy constraints, we adopt the
TRPO algorithm [31] in DRL to update the policy of the lower-
tier agent. Trough adopting the second-order Taylor expansion
method [31] to tackle the trust region constraints, the cumula-
tive reward performance of the TRPO algorithm is similar to
that of the commonly adopted proximal policy optimization
algorithm. Specifically, at the lower-tier agent, two DNNs
are deployed to approximate the policy and value function,
respectively. Based on the policy updating rule in (24), the
loss function for updating the policy function parameters φL is
evaluated based on the product of the policy ratio πL(an

L|s
n
L;φL)

πL(an
L|sn

L;φ′L)

and the sum of all the agents’ advantages (i.e., ÃL(sn
L, an

L)
and ÃH(sn

H , an
H)),

Lp =E[
πL(an

L|sn
L; φL)

πL(an
L|sn

L; φ′L)
(ÃL(sn

L, an
L)+ÃH(sn

H , an
H))], (29)

where the expectation operator E[·] is executed over the sam-
pled state-action pair (sn

L, an
L). ÃL(sn

L, an
L) and ÃH(sn

H , an
H)

are the estimated advantages for higher-tier and lower-tier
agents, respectively, and φ′L is the original policy function
parameters. Additionally, the value function parameters θL

is updated through minimizing the mean square error (MSE)
between the estimated value and practical cumulative reward
at each state, i.e.,

Lv = E[V θL(sn
L)−

n−1∑
i=0

γL
iRi

L]. (30)

After updating the policy and value function parameters, the
lower-tier agent generates a reference decision trajectory in the
future finite steps based on the updated policy π̄L, and sends
the reference decision trajectory to the higher-tier agent as a
reference to update its policy.

In the second phase, after receiving the reference decision
trajectory τL(π̄L), the higher-tier agent can improve its policy
through performing the one-step rollout policy based on the
given lower-tier policy π̄L, i.e,

π̄H = arg max
πH

E[RH(sk
H , πH(sk

H); τL(π̄L))

+ γHV πH (h(sk
H , πH , π̄L); π̄L)], (31)
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where h(·) is the state transition function at the higher-tier,
i.e., sk+1

H = h(sk
H , πH , πL). Since γH

n̄V πH (sk+n̄
H ; π̄L) →

0 with a large n̄, the n̄-rollout policy according to πH can be
adopted to approximated V πH (sk

H ; π̄L), i.e., V πH (sk
H ; π̄L) ≈∑n̄−1

p=0 γH
pRH(sk+p

H , πH(sk+p
H ); τL(π̄L)). However, a small

estimation-step n̄ may lead to an inaccurate estimate of the
value function. To enhance the approximation performance,
in this paper, one DNN with parameters θH is adopted to
estimate the tail value V θH (sk+n̄

H ) of the higher-tier agent.
Similarly, the value function parameters are also updated
through minimizing the MSE loss defined in (30). In this
case, the approximated value at state sk

H under the updated
lower-tier policy π̄L can be rewritten as

V πH (sk
H , π̄L) =

n̄−1∑
p=0

γH
pRH(sk+p

H , πH(sk+p
H ); τL(π̄L))

+ γH
n̄V θH (sk+n̄

H ). (32)

Through updating policies at different agents iteratively, both
the higher-tier and lower-tier value functions can be improved
over original ones.

Proposition 1: The monotonic policy improvement can be
achieved for either higher-tier agent or lower-tier agent after
each policy updating stage in the proposed collaborative DRL
scheme.

Proof: Please refer to Appendix B. □
Since the proposed scheme is an online learning scheme,

each agent needs to updates its value function parameters
based on the decision experiences (i.e., a tuple of state, action,
reward) stored in its replay memory. As shown in Fig. 2
and Fig. 3, at the beginning of the higher-tier agent’s k-th
control cycle, the higher-tier agent visits a state sk

H from the
environment, and makes decision ak

H . Then, the higher-tier
agent needs to send its current state and action and last
reward to the lower-tier agent. In the subsequent T time slots
(i.e., from n = kT to n = kT + (T − 1)), the lower-tier
agent visits a state si

L, makes a decision ai
L, and receives

corresponding reward Ri
L at each time slot. At the end of

each time slot, the lower-tier agent updates its value and
policy function parameters based on its local sampled decision
experiences and received decision experiences of the higher-
tier agent. After the lower-tier agent updates its policy at time
slot kT + (T − 1), it generates a reference decision trajectory
of future finite steps with its updated policy parameters φL,
which is sent to the higher-tier agent. Next, the higher-tier
agent obtains corresponding reward Rk

H for k-th control cycle,
and a new state sk+1

H for making decision in (k+1)-th control
cycle. Then, the higher-tier agent stores its decision experience
{sk

H , ak
H , Rk

H} to update its value function parameters. Based
on the new state sk+1

H and received reference decision trajec-
tory, the higher-tier agent selects action ak+1

H with respect to
the maximum approximated value obtained through the n̄-step
rollout algorithm, and then the lower-tier agent visits states and
makes decisions in the subsequent T time slots.

Particularly, in the updating stage of the proposed scheme,
the communication overheads are incurred by two types of
signaling, i.e., the decision experience of the higher-tier agent
(namely, LEO satellite) and the reference decision trajectory

Fig. 3. The time diagram of the proposed two-time-scale collaborative DRL
scheme in this paper.

of the lower-tier agent (namely, UE). Since the number of
elements of the LEO satellite’s state, action and reward are
3 + T and 2 + M and 1, respectively, the data size of
one state-action pair of the LEO satellite can be denoted
as (6 + T + M)De, where De is the data size of one
element. Additionally, since the reference decision trajectory
is composed of n̄T actions of the lower-tier agent, the data
size of the reference decision trajectory can be denoted as
(2+M)n̄TDe. Therefore, the overall communication overhead
can be denoted as (6 + T + M)De + (2 + M)n̄TDe =
(6 + T + M + (2 + M)n̄T )De. This indicates that the
overall communication overhead is dominated by the higher-
tier agent’s control cycle T , the number of estimation steps
n̄ and the number of RBs M . In Algorithm 1, the concrete
procedure of the proposed scheme is summarized.

C. Convergence Analysis

In this section, we present the convergence analysis and
derive the bounds of the convergence error and conver-
gence time of our proposed two-time-scale collaborative DRL
scheme. Since the optimal policies π∗H and π∗L correspond to
the optimal value functions V π∗H (sH ; π∗L) and V π∗L(sL; π∗H),
respectively, the convergence of the value function is equiva-
lent to the convergence of the policy. Consequently, to analyze
the convergence of the policy, we concentrate on analyzing the
convergence property of the value function instead. With the
spirit of the two-time-scale model in [32], value functions at
different tiers can be regarded as being updated at the same
time scale through introducing different updating rates (i.e.,
a(n) in (33) and b(n) in (34) in the following Proposition 2)
to indicate different updating speeds incurred by different
control cycles, and thus the general updating rules of agents
at different tiers can be rewritten below.

Proposition 2: With uniform state distributions for agents
at different tiers, the updating rules of different agents can be
rewritten as random processes of value functions, i.e,

x(n + 1) = V πn+1
H (sH ; πn+1

L )

= V πn
H (sH ; πn

L) + a(n){max
πH

(RH(sH , πH(sH);

τL(πn+1
L )) + γHV πn

H (h(sH , πH , πn+1
L ), πn

L))

− V πn
H (sH ; πn

L) + βn+1
H }, ∀sH ∈ SH , (33)
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Algorithm 1 Proposed Two-Time-Scale Collaborative DRL
Scheme

1: Initialize Stage:
2: Lower-tier agent (i.e., the ground UE) constructs two

DNNs with randomly initialized parameters, and a replay
memory DL.

3: Higher-tier agent (i.e., the LEO satellite) constructs one
DNN with randomly initialized parameters, and a replay
memory DH .

4: Higher-tier agent initializes its action randomly.
5: Training Stage:
6: repeat
7: Higher-tier agent sends its current state-action pair

(sk
H , ak

H) and last reward Rk−1
H to the lower-tier agent.

8: for i = 0 to T − 1 do
9: Lower-tier agent obtains action ai

L based on the
lower-tier agent’s current state and constructed
DNN-based policy function.

10: Lower-tier agent executes the action and receives an
instantaneous reward from the environment.

11: Lower-tier stores the newly obtained decision expe-
rience {si

L, ai
L, Ri

L} into its replay memory DL.
12: Lower-tier agent samples decision experiences from

DL to calculate the losses based on (29) and (30).
13: Lower-tier agent updates policy and value func-

tion parameters φL and θL through minimizing the
losses.

14: end for
15: Lower-tier agent generates the reference decision tra-

jectory τL(π̄L) according to the updated policy.
16: Higher-tier agent receives the reward and reference

decision trajectory from the lower-tier agent and visits
a new state sk+1

H .
17: Higher-tier agent stores the decision experience

{sk
H , ak

H , Rk
H} into its replay memory DH .

18: Higher-tier agent updates θH through minimizing the
MSE over sampled decision experiences from DH .

19: Higher-tier agent obtains decision ak+1
H through per-

forming rollout policy in (32) based on τL(π̄L).
20: until The update of the DNN parameters at each tier is

less than a given error threshold ϵ.

y(n + 1) = V πn+1
L (sL; πn+1

H )

= V πn
L(sL; πn

H) + b(n){RL(sL, πn+1
L (sL);

τH(πn+1
H )) + γLV πn

L(g(sL, πn+1
H , πn+1

L ); πn
H)

− V πn
L(sL; πn

H) + βn+1
L }, ∀sL ∈ SL, (34)

where βn+1
H = max

πH

∑n̄−1
k=0 γH

kRH(sk
H , πH(sk

H)); τL(πn+1
L ))

− max
πH

V πH (sH ; πn+1
L ) with s0

H = sH , and βn+1
L =

V πn+1
L (sL; π̂n+1

H )−V πn+1
L (sL; πn+1

H ) with π̂n+1
H = f(πn+1

L )„
g(·) is the state transition function at the lower-tier and
a(n) > 0 and b(n) > 0 are step sizes and a(n)

b(n) → ∞, i.e.,

a(n) = 1−(1−αL)n(1−(1−αH))⌊
n
T
⌋

⌊ n
T ⌋

≈ 1
1+n log n and b(n) = 1−

(1−αL)n(1−αH)⌊
n
T ⌋ ≈ 1

n , which satisfy the Robbins–Monro

conditions [32], i.e.,
∑∞

n=0 a(n) =
∑∞

n=0 b(n) = ∞ and∑∞
n=0 a(n)2 =

∑∞
n=0 b(n)2 < ∞.

From the above updating rules, we can observe that πH

and πL can be regarded as converged policies for value
functions when the second terms in (33) and (34) approach
zero. To illustrate the variations of these terms, we first adopt
GH(x(n), y(n)) and GL(x(n), y(n)) to indicate the target
values over V πn

H (sH ; πn
L) and V πn

L(sL; πn
H), respectively, i.e.,

GH(x(n), y(n)) = max
πH

(RH(sH , πH(sH); τL(πn+1
L ))

+ γHV πH (h(sH , πH , πn+1
L ); πn

L), (35)

GL(x(n), y(n)) = RL(sL, πn+1
L (sL); τH(πn+1

H ))

+ γLV πn
L(g(sL, πn+1

H , πn+1
L ); πn

H). (36)

Then, we can provide some valid properties of these stochastic
terms (namely, GH(x(n), y(n)), GL(x(n), y(n)), βn

H and βn
L)

as the basis for the subsequent analysis.
Proposition 3: GH(x(n), y(n)) and GL(x(n), y(n))

are Lipschitz with regard to the maximum norm,
and {βn

H} and {βn
L} are martingale difference

sequences with regard to increasing δ-fields Fn ≜
{V πm

H (sH ; πm
L ), V πm

L (sL; πm
H ), βm

H , βm
L , m ≤ n}, n ≥ 0,

satisfying
∑∞

n=0 a(n)βn
H < ∞ and

∑∞
n=0 b(n)βn

L < ∞.
Proof: Please refer to Appendix C. □

After proving the martingale and Lipschitz property of the
stochastic terms in (33) and (34), the converged two-time-scale
sequences should satisfy the assumptions in Lemma 2, which
is provided in the following.

Lemma 2: The two-time-scale iterates {xn, yn} following
[32] converge to {λ(y∗), y∗}, almost surely, under the fol-
lowing assumptions: 1) Assumption 1: ẋ(t) = h(x(t), y)
has a unique global asymptotically stable equilibrium λ(y),
where λ(·) is a Lipschitz map. 2) Assumption 2: ẏ(t) =
g(λ(y(t)), y(t)) has a unique global asymptotically stable
equilibrium y∗. 3) Assumption 3: supn[∥xn∥∞ + ∥yn∥∞] <
∞, almost surly.

Based on the assumptions in Lemma 2, policies at different
tiers obtained based on updating rules in (33) and (34) can
achieve convergence.

Theorem 1: {πn
H , πn

L} converge to {π∗H , π∗L} almost surly.
Proof: Please refer to Appendix D. □

In addition to providing the existence theorem of converged
sequences, we also give the convergence error bounds under
the ∞-norm in the following theorem.

Theorem 2: After n training time slots, with probability at
least 1− δ, the error bounds of updated value functions with
respect to the optimal value functions (i.e., x∗ and y∗) are
characterized as,

∥x∗ − x(n)∥∞ =
4Rmax

H

1− γH
(

1
n(1− γH)

+ 2

√
2
n

ln
2|SH ||AH |

δ
),

(37)

∥y∗ − y(n)∥∞ =
4Rmax

L

1− γL
(

1
n(1− γL)

+ 2

√
2
n

ln
2|SL||AL|

δ
).

(38)
Proof: Please refer to Appendix E. □
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The above theorem shows that the error bound at each time
scale decreases with the increase of the number of training
time slots, and increases with the dimension of the decision
space. Therefore, the bound of the convergence time of our
proposed scheme can be derived.

Corollary 1: Toward implementing ϵ error for each
sequence with probability greater than 1 − δ, the bound of
the convergence time is determined by the maximum order
of the number of training slots of different sequences, i.e.,
max{O( Rmax

H
2

ϵ2(1−γH)2 ln |SH ||AH |
δ ),O( Rmax

L
2

ϵ2(1−γL)2 ln |SL||AL|
δ )}.

Proof: Let the right-hand sides of (37) and (38) equal to
ϵ, and the bound of the convergence time in Corollary 1 can
be derived. □

From Corollary 1, the time complexity of our proposed
scheme is dominated by the dimension of the decision space.
Particularly, after the convergence is achieved, the resource
optimization decisions for the LEO satellite and UE can be
directly obtained with the converged DRL models. Therefore,
the proposed scheme can be trained off-line and then deployed
in the practical NTNs.

V. PERFORMANCE AND EVALUATION

A. Simulation Settings

To evaluate the performance of our proposed algorithm,
consider the LEO satellite with K = 100 RBs, which are
divided into 5 RB groups, to service a ground UE with
dynamic receiving rate demands, and RBs in Optimization 1
are allocated in the unit of RB group. The pathloss and channel
gain are generated according to 3GPP TR 38.901 [33] and TR
38.821 [2]. The ephemeris of the LEO satellite is generated
by the Satellite Communication Box of MATLAB, and the
minimum elevation angle between the LEO satellite and UE
is π/6. Additionally, the receiving rate demand of the UE
follows a Poisson distribution with a mean of 2, and the
basic unit of the rate demand is 10 megabits per slot. For
DRL models, one fully-connected DNN consisting of two
layers with 300 and 200 neurons in each layer, respectively,
is deployed at the LEO satellite and UE to approximate
the value function. Additionally, one fully-connected DNN
consisting of three layers with 400, 300 and 200 neurons
in each layer, respectively, is adopted as the actor network
at the UE side. Particularly, two separate layers (both with
200 neurons) are utilized to output the beam direction and
RB allocation action distributions at the UE side, respectively.
Besides, when calculating the beam direction of the LEO
satellite/UE, the unit adjustment angle ∆ is set as 5 degree.
The remaining main simulation parameters are summarized in
Table I.

To evaluate the performance of the proposed DRL-based
algorithm, three benchmarking schemes are considered: single-
estimation, independent scheme and traditional separated
optimization architecture. In the single-estimation scheme, the
UE only aims to improve its advantage instead of global
advantage. Besides, in the independent scheme, the LEO
satellite and UE make decisions independently. The traditional
separated optimization architecture includes a family of tradi-
tional optimization schemes, in which beam and RB allocation

TABLE I
PARAMETERS FOR SIMULATION

optimizations are performed sequentially. Specifically, in the
beam optimization stage, the brute-force searching (BFS)
scheme (in which beam-sweeping is executed with 10 degree
in each angular space) and periodic beam update (PBU)
schemes in [12] (which is designed based on the geometric
relationship of the LEO-UE pair) are considered. Furthermore,
we consider the greedy scheme, fixed allocation scheme and
multi-armed bandit (MAB) scheme for RB allocation opti-
mization. In the greedy and MAB schemes, the LEO satellite
uses all the RB groups in the RB pool to service the UE,
which accesses with the greedy or MAB manner to satisfy its
receiving rate demand. While in the fixed allocation scheme,
the LEO satellite always allocates a fixed number of RB
groups to UE randomly. Particularly, the BFS with the greedy
allocation scheme can achieve the upper bound performance
(i.e., the ideal performance).

B. Results and Analysis

1) Performance With Different Numbers of Estimated Steps
n̄: Since the LEO satellite’s policy is mainly determined by
the number of estimation steps, we first evaluate the moving
average reward and throughput performances of the proposed
scheme under different numbers of estimation steps n̄ in Fig. 4.
Specifically, the moving average result at slot n is calculated
through the average operation over the original result from
slot n − Nm + 1 to slot n, and the average window lengths
(namely, Nm) for the reward and throughput performances
are 10, 000 and 10, respectively. Particularly, in simulations,
one episode is defined as the duration in which the elevation
angle between the UE and the LEO satellite is larger than
the minimum setting value (i.e., π/6). From Fig. 4(a), we can
observe that there is a poor reward performance for the curves
with a small estimation value (i.e., n̄ ≤ 4). Instead, the
proposed scheme achieves a higher reward performance when
the estimation value is large (i.e., n̄ ≥ 6). According to the
illustration of n̄-step rollout policy in Section IV-B, a large
estimation n̄ can lead to an accurate estimate of the higher-tier
agent’s value function, and thus a more stable policy improve-
ment can be obtained with the increase of the estimation depth.
Hence, the reward performance curve increases gradually
when the number of estimation step n̄ increases from 6 to
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Fig. 4. Moving average reward and throughput with different numbers of estimation steps n̄.

Fig. 5. Moving average reward and throughput with different DRL-based algorithms.

8. Additionally, please note that the DNN parameters in DRL
schemes converge to a group of candidate parameters. There-
fore, the parameters are switched between those final candidate
parameters, leading to the reward performance perturbations
after a period of training [34]. With this spirit, we adopt
the standard deviation (SD) of the reward performance to
justify the convergence. For reward curves with n̄ = 6 and
n̄ = 8, their corresponding SDs over results of 7 × 103 slots
decreases from (215.8454, 161.7692) to (208.7553, 156.9334)
after a period of training, which indicates that the convergence
of the reward performance with n̄ = 8 is superior to that
with n̄ = 6. Therefore, in the following simulations, the
number of estimation steps is set to 8 to guarantee the
performance. Furthermore, Fig. 4(b) shows that the proposed
scheme with a larger number of estimation steps can achieve
an increasing moving average throughput performance when
the LEO satellite and UE iteratively improve their policies.
This also justifies that the rewards defined in (20) and (23)
are effective in finding the proper beam direction and resource
allocation decisions.

2) Performance With Different Numbers of Transmitting and
Receiving Antennas (Nt, Nr): As illustrated in (8), the beam
direction decision is of most importance in improving the SNR
of each RB. Subsequently, we evaluate the moving average
reward and throughput performances of the proposed scheme
with different numbers of transmitting and receiving antennas,
as shown in Fig. 5. Since a larger number of antennas leads
to a higher spatial resolution, the transmitting and receiving
beams will become narrower and deliver more power. In this
case, the SNR at the UE will decrease significantly if the

transmitting and receiving beams are not well aligned, and
thus the satellite and UE normally cannot obtain a positive
reward at most time according to the reward definitions
in (20) and (23). In the meantime, with the training loss
in (30), a lower value function is estimated based on the
obtained rewards so that the policies cannot be fully improved.
Therefore, in Fig. 5(a), we can observe that the proposed
scheme can achieve increasing reward performances with the
increase of time slots when lower numbers of transmitting and
receiving antennas are adopted, but the reward performance
decreases with the increase of the number of antennas since
the narrow beam cannot be captured easily. Additionally, for
the throughput performance comparison, we also present the
performance using the combination of the BFS scheme and
greedy RB allocation scheme (i.e., BFS-Greedy) in Fig. 5(b).
As aforementioned, the BFS-Greedy scheme achieves the
ideal performance. With a small number of transmitting and
receiving antennas (i.e., (42, 82)), the proposed scheme can
achieve 78.5% throughput performance of the BFS-Greedy
scheme. When the number of transmitting and receiving anten-
nas increases, the throughput performance of the proposed
scheme degrades to 58.9% of that of the BFS-Greedy scheme.
Although performance degradations exist, the searching space
dimension of the BFS-Greedy scheme (i.e., 184 at each time
slot) is significantly larger than that of the beam action space
(i.e., 72× 32

T ) in our proposed scheme. Therefore, our proposed
scheme can achieve a better tradeoff between throughput
performance and computational complexity than that of the
BFS-Greedy scheme. In the following simulations, (Nt, Nr)
is set as (162, 82).
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Fig. 6. Moving average reward and throughput with different DRL-based schemes.

Fig. 7. Average satisfactory error and number of allocated RB groups with different schemes.

TABLE II
WEIGHTED-SUM UTILITY OF DIFFERENT SCHEMES

3) Performance With Different DRL-Based Schemes: Next,
to justify the effectiveness of our proposed scheme, we present
the moving average reward and throughput performances
of the proposed scheme and other DRL-based variants in
Fig. 6. Through comparing the performance curves in Fig. 6,
we can find that the proposed scheme and the single-estimation
scheme can achieve a large performance enhancement over the
independent scheme in terms of the reward and throughput,
since each agent in the independent scheme can only exploit its

own local information for decision-makings without collabora-
tions. However, due to the differences of the control cycles, the
environment of the NTN is non-stationary, leading to severe
performance degradations. While in the proposed scheme and
the single-estimation scheme, the sequential manner can lead
to a stable policy improvement for the LEO satellite and UE
since each agent fixes its policy and provides a temporarily
stationary environment to the other agent. On the other hand,
in Fig. 6, the performances curves of the proposed scheme
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are higher than those of the single-estimation scheme. This
is because that, the UE estimates the policy advantages of
the satellite and UE in (29) so that it can not only improve
the UE’s value function but also enable the LEO satellite to
improve the sum of value functions through performing the
finite-step rollout policy in (32). In this case, the collaboration
effects of the proposed scheme can be improved as compared
with that of the single-estimation scheme, in which the UE
only estimates its own policy advantage.

4) Performance With Different Optimization Schemes:
Finally, since the objective of the proposed scheme is to
satisfy the dynamic receiving rate demand of the UE using
the minimum number of RB groups, we present the aver-
age satisfactory error performances and numbers of allocated
RB groups of the proposed scheme and traditional separate
optimization schemes in Fig. 7. In Fig. 7(a), the satisfactory
error is defined as the absolute value of Ωi at each time slot,
and its optimal value is 0. From Fig. 7(b), we can observe
that our proposed scheme achieves a significant performance
enhancement over the other schemes in terms of the number
of allocated RB groups since the UE reward function increases
with the decrease of the number of utilized RB groups. Simi-
larly, the MAB-based schemes also offer the performance gain
in minimizing the number of allocated RB groups due to the
reward function. Through comparing the performances shown
in Fig. 7(a), the satisfactory error performance achieved by
the proposed scheme is close to that of the BFS-MAB scheme.
Additionally, the proposed scheme outperforms the other three
PBU-based schemes in minimizing the satisfactory error with
a less amount of allocated RB groups. To further explore the
relationship between the transmission performance and com-
putational complexity, a weighted-sum multi-attribute utility
function [35] is introduced to measure the composite score
of the satisfactory error, number of allocate RB groups and
computational complexity of these different schemes under
different weight combinations, and the results are presented in
Table II. Four example combinations are considered, i.e., 1) the
weight combination [ 13 , 1

3 , 1
3 ] corresponds to the generalized

scenario; 2) the weight combination [ 12 , 1
4 , 1

4 ] corresponds
to the latency-sensitive scenario; 3) the weight combination
[ 14 , 1

2 , 1
4 ] corresponds to the bandwidth-constrained scenario;

and 4) the weight combination [ 14 , 1
4 , 1

2 ] corresponds to the
energy-sensitive scenario. In PBU-based schemes, since the
beam direction is calculated based on the Newton’s method
at each time slot, the logarithmic complexity of its maximum
adjustable angular value (i.e., π = 180 degree) is adopted.
In Table II, we can observe that the proposed scheme can
achieve the optimal utility (i.e., the minimum utility score)
over the other schemes under different weight scenarios.
Although the BPU-based schemes are with less computational
complexity, there are larger satisfactory errors, and more RB
groups are also required. Moreover, the BFS-Greedy scheme
can achieve the minimum satisfactory error with a relatively
small number of RB groups, but it is with the maximum
computational complexity. Therefore, the proposed scheme
can achieve a superior performance to balance the satisfactory
error, utilized resources and computational complexity.

VI. CONCLUSION

In this paper, we investigate the beam management and
resource allocation in earth-fixed cells of NTNs, and propose
a two-time-scale collaborative DRL scheme to enable LEO
satellite and UE as agents with different control cycles to
perform decision-making tasks collaboratively. Specifically,
to obtain monotonic policy improvements, a sequential policy
updating manner is adopted. Targeting at performing computa-
tions for the LEO satellite, the UE with a powerful computing
capability improves its policy based on the sum advantage
function of both two agents, and predicts its reference decision
trajectory of future finite steps, which is sent to the LEO
satellite. With the reference decision trajectory from the UE,
the LEO satellite only needs to select actions through the
finite-step rollout policy. Particularly, we also provide the the-
oretical analysis on the convergence of the proposed scheme.
Simulation results show that the proposed scheme outperforms
the DRL-based schemes without proper collaboration designs
in terms of the throughput performance, and can effectively
balance the satisfactory error, amount of allocated RBs and
computational complexity over other BFS-based and PBU-
based schemes. Through carefully designing the TTMDP
model, the proposed two-time-scale collaborative DRL scheme
can be transferred to solve multi-domain resource optimiza-
tions of non-terrestrial communications and spectrum-sharing
between non-terrestrial and terrestrial communications. With
the established analytical foundations of the two-time-scale
two-agent DRL, this research also creates a new research
roadmap and foundations toward implementing intelligent
resource optimizations for multi-time-scale multi-agent sce-
narios of NTNs and other multi-tier heterogeneous networks
such as the space-aerial-ground-integrated three-tier networks
involving various satellite and UAV flying BSs.

APPENDIX A
PROOF OF LEMMA 1

When updating the policy of the lower-tier agent, the
corresponding policy improvement of the higher-tier agent
is equivalent to the difference on its advantage function
[31], i.e., Es0

H ,a0
H ,...[

∑∞
k=0 γH

kAπH
(sk

H , ak
H ; τL(πL))] =

−ρH(πH , π′L) + ρH(πH , πL), where s0
H ∼ d0

H(s0
H), ak

H ∼
πH(·|sk

H) and sk+1
H ∼ PH(sk

H , πH , πL). In this proof, the α-
couple policy assumption is adopted, i.e., P (π̄L ̸= πL|s) ≤
αL and P (π̄H ̸= πH |s) ≤ αH , ∀ s = (sL, sH) ∈ SL × SH .
Therefore, the probabilities of adopting π′L and πL are 1−αL

and αL, respectively. The probability of selecting πL to
improve the value function of the higher-tier agent before
updating stage k is 1 − (1 − αL)kT , i.e., P (ρk

H > 0) =
1− (1− αL)kT . Therefore, the expected policy improvement
of higher-tier agent incurred by the policy of the lower-tier
agent is bounded, i.e,

ρH(πH , πL)− ρH(πH , π′L)

=
∑
sH

d
π′L,πH

H (sH)
∑

aH∈AH

πH(aH |sH)

× E
sk+1

H

[RH(sH , aH ; τL(πL))
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+ γHV πH (sk+1
H ; π′L)− V πH (sk

H ; π′L)]

= LπH
(πL)−

∞∑
k=0

γH
kP (ρk

H > 0){E
sk

H

[AπH
(sk

H , ak
H ; τL(πL))|

ρk
H = 0]− E

sk
H

[AπH
(sk

H , ak
H ; τL(πL))|ρk

H > 0]}

≥ LπH
(πL)− 4(1− (1− αL)T )ϵH(πL)

×
∞∑

k=0

γH
k(1− (1− αL)kT )

= LπH
(πL)− 4ϵH(πL)(1− (1− αL)T )2γH

(1− γH)(1− (1− αL)T γH)
.

Next, we concentrate on the policy improvement of
the lower-tier agent. Similarly, the policy improvement
part is also analyzed from the advantage function, i.e.,
Es0

L,a0
L,...[

∑∞
i=0 γL

iAπL
(si

L, ai
L; f(πH))] = ρL(πL, f(πL))−

ρL(π′L, πH), where s0
L ∼ d0

L(s0
L), ai

L ∼ πL(·|si
L) and si+1

L ∼
PL(si

L, πL, f(πL)). Similarly, the probability of selecting πL

and f(πL) is 1 − (1 − αL)i(1 − αH)⌊
i
T ⌋, i.e., P (ρi

L > 0) =
1− (1− αL)i(1− αH)⌊

i
T ⌋, and we have

ρL(πL, f(πL))− ρL(π′L, πH)

= Lπ′L,πH
(πL, f(πL))−

∞∑
i=0

γi
LP (ρi

L > 0){E
si

L

[AπL
(si

L, ai
L;

τH(f(πL)))|ρi
L = 0]

− E
si

L

[AπL
(st

L, ai
L; τH(f(πL)))|ρi

L > 0]}

≥Lπ′L,πH
(πL, f(πL))−2

∞∑
i=0

γL
i(1−(1−αL)i(1−αH)⌊

i
T ⌋)

· 2(1− (1− αL)(1− αH)
1
T )ϵL(πH)

= Lπ′L,πH
(πL, f(πL))− 4(1− (1− αL)(1− αH)

1
T )ϵL(πH)

× (
∞∑

t=0

γL
i −

∞∑
i=0

γL
i(1− (1− αL)i(1− αH)⌊

i
T ⌋)).

Since
∞∑

i=0

γL
i(1− αL)i(1− αH)⌊

i
T ⌋

=
∞∑

i=0

(γL(1− αL)(1− αH)
1
T )i

(1− αH)(
i
T −⌊

i
T ⌋)

=
T−1∑
j=0

∞∑
i=0

(γL(1− αL)(1− αH)
1
T )iT+j

(1− αH)
j
T

=
1− γL

T (1− αL)T

(1− γL(1− αL))(1− γL
T (1− αL)T (1− αH))

,

we can derive the lower-tier agent’s policy improvement bound
illustrated in (27).

APPENDIX B
PROOF OF PROPOSITION 1

First, we proof that the value function of the higher-tier
agent can be improved in a sequential updating manner, i.e.,

V π̄H (sH ; π̄L)

= max
π̄H

E[RH(sH , π̄H(sH); τL(π̄L))

+ γHV π̄H (h(sH , π̄H , π̄L); π̄L)]
= max

π̄H

E[RH(sH , π̄H(sH); τL(π̄L))

+ γHV πH (h(sH , π̄H , π̄L); πL)
− V πH (sH ; πL) + V πH (sH ; πL)]

≥E[RH(sH , πH(sH); τL(π̄L))+γHV πH (h(sH , πH , π̄L); πL)
− V πH (sH ; πL) + V πH (sH ; πL)]

= max
π̄L

[ρH(πH , π̄L)− ρH(πH , πL)] + V πH (sH ; πL)

≥ V πH (sH ; πL),∀sH ∈ SH .

Next, note that the policy of the higher-tier agent is updated
toward the future policy estimated by the lower-tier agent, i.e.,
π̄H ≈ f(π̄L). We have

V π̄L(sL; π̄H)
= E[RL(sL, π̄L(sL); τH(π̄H))+γLV πL(g(sL, π̄L, π̄H)); πL)
− V πL(sL; πH) + V πL(sL; πH)]

≈ E[RL(sL, π̄L(sL); τH(f(π̄L)))+γLV πL(g(sL, π̄L, f(π̄L));
f(π̄L))− V πL(sL; πH) + V πL(sL; πH)]

= max
π̄L

[ρL(π̄L, f(π̄L))− ρL(πH , πL)] + V πL(sL; πH)

≥ V πL(sL; πH),∀sL ∈ SL,

Therefore, monotonic policy improvements of different
agents can be achieved after the policy updating stage.

APPENDIX C
PROOF OF PROPOSITION 3

We first proof the Lipschitz characteristic of GH(·) and
GL(·). Given lower-tier policy πn

L,

∥GH(x(n), y(n))−GH(x∗, y(n))∥
= ∥max

πH

(RH(sH , πH(sH); τL(πn+1
L ))

+ γHV πn
H (h(sH , πH , πn+1

L ); πn
L))

−max
πH

(RH(sH , πH(sH); τL(πn+1
L ))

+ γHV π∗H (h(sH , πH , πn+1
L ); πn

L))∥
≤ ∥γH max

πH

V πn
H (h(sH , πH , πn+1

L ), πn
L))

− γH max
sH∈SH

V π∗H (h(sH , π∗H , πn+1
L ); πn

L)∥

≤ γH max
sH∈SH

∥V πn
H (sH ; πn

L)− V π∗H (sH ; πn
L)∥

= γH∥x(n)− x∗∥∞.

Similarly, with a fixed higher-tier policy πn
H (namely, πn+1

H =
πn

H ),

∥GL(x(n), y(n))−GL(x(n), y∗)∥
=∥RL(sL, πn+1

L (sL); τH(πn+1
H ))+γLV πn

L(g(sL, πn+1
H , πn+1

L );

πn
H)−RL(sL, π∗L(sL); τH(πn+1

H ))− γLV π∗L(g(sL, πn+1
H ,

π∗L); πn
H)∥

≤ ∥γLV πn
L(g(sL, πn+1

H , πn+1
L ); πn

H)

− γL max
sL∈SL

V π∗L(g(sL, πn+1
H , π∗L); πn

H)∥
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≤ γL max
sL∈SL

∥V πn
L(sL; πn

H)− V π∗L(sL; πn
H)∥

= γL∥y(n)− y∗∥∞.

Therefore, GH(·) and GL(·) are Lipschitz with regard to the
∞-norm (namely, ∥·∥∞). Next, since the rewards defined in
(20) and (23) are bounded, βn

H and βn
L as estimated errors of

accumulated rewards are also bounded, and thus we have

E[∥βn+1
H ∥2∞|Fn]

= E[∥max
πH

n̄−1∑
k=0

γk
HRH(sn+k

H , πH ; τL(πn+1
L ))

−max
πH

V πH (sH ; πn+1
L )∥2∞]≤K(1+∥x(n)∥2∞+∥y(n)∥2∞),

and

E[∥βn+1
L ∥2∞|Fn]

= E[∥V πn+1
L (sL; π̂n+1

H )− V πn+1
L (sL; πn+1

H )∥2∞]

= E[∥(RL(sL, πn+1
L (sL); τH(π̂n+1

H ))−RL(sL, πn+1
L (sL);

τH(πn+1
H )))+γL(V πn+1

L (g(sL, πn+1
L , π̂n+1

H ); π̂n+1
H )− V πn+1

L

(g(sL, πn+1
L , πn+1

H ); πn+1
H ))∥2∞]

≤ K(1 + ∥x(n)∥2∞ + ∥y(n)∥2∞).

Since the Lipschitz characteristics of GH(·) and GL(·), x(n)
and y(n) can be regarded as contractive sequences. Therefore,
the value of K(1 + ∥x(n)∥2∞ + ∥y(n)∥2∞) with proper K
decreases close to 0 with n →∞. In this case, E[βn+1

H |Fn] →
0 and E[βn+1

L |Fn] → 0. Consequently, βn
H and βn

L are
martingale difference sequences with regard to Fn. Therefore,
we have
∞∑

n=0

a(n)βn
H

<

√√√√ ∞∑
n=0

(βn
H)2

∞∑
n=0

a(n)2 <

√√√√(
γn̄

HRmax
H

1− γH
)2

∞∑
n=0

a(n)2 < ∞,

×
∞∑

n=0

b(n)βn
L <

√√√√ ∞∑
n=0

(βn
L)2

∞∑
n=0

b(n)2

<

√√√√ (Rmax
L )2

1− γ2
L

∞∑
n=0

b(n)2 < ∞.

APPENDIX D
PROOF OF THEOREM 1

At first, according to the definitions in Remark 2 and
Proposition 3, iterates {x(n), y(n)} is following the definition
of the two time-scale iterates in [32]. Therefore,

∥y∗ − y(n + 1)∥∞
= ∥TLy∗ − TLy(n)∥∞
≤ ∥y∗ + b(n)GL(x(n), y∗)− b(n)y∗ − (y(n)

+ b(n)GL(x(n), y(n))− b(n)y(n))∥∞ + ∥b(n)βn+1
L ∥∞

≤ (1− b(n))∥y∗ − y(n)∥∞ + b(n)∥GL(x(n), y∗)

−GL(x(n), y(n))∥∞ + ∥b(n)βn+1
L ∥∞

≤ (1− b(n))∥y∗ − y(n)∥∞ + b(n)(γL∥y∗ − y(n)∥∞
+ ∥βn+1

L ∥∞).

where the error term b(n)(γL∥y∗− y(n)∥∞ + ∥βn+1
L ∥∞) can

be negligible with b(n) → 0. In this case, there exits a unique
global asymptotically stable equilibrium. Additionally, since
GL(·) has been proved to be Lipschitz, λ(·) = max(GL(·))
should also be Lipschitz with regard to the ∞-norm. Thus, for
each x(n) ∝ πn

H , ẏ(n) = GL(x(n), y(n)) has a unique global
asymptotically stable equilibrium y(n) = λ(x(n)) such that
λ(·) is Lipschitz, and this assumption is satisfied.

Next, with updated y(n+1) = λ(x(n)), GH(x(n), λ(x(n)))
has a deterministic improvement incurred by the λ(x(n)), and
we have
∥x∗ − x(n + 1)∥∞
= ∥THx∗ − T Hx(n)∥∞
≤ ∥x∗ + a(n)GH(x∗, y(n))− a(n)x∗ − (x(n)

+ a(n)GH(x(n), y(n))− a(n)x(n))∥∞ + ∥a(n)βn+1
H ∥∞

≤ (1− a(n))∥x∗ − x(n)∥∞ + a(n)∥GH(x(n), y(n))

−GH(x∗, y(n))∥∞ + ∥a(n)βn+1
H ∥∞

≤ (1− a(n))∥x∗ − x(n)∥∞ + a(n)(γH∥x∗ − x(n)∥∞
+ ∥βn+1

H ∥∞).

where the error term a(n)(γH∥x∗−x(n)∥∞+∥βn+1
H ∥∞) can

be negligible with a(n) → 0. In this case, x(n) can be updated
through iterations towards the unique global asymptotically
stable equilibrium. Therefore, ẋ(n) = GH(x(n), λ(x(n)))
has a unique global asymptotically stable equilibrium x∗, and
Assumption 2 is satisfied. Finally, since the rewards defined
in (20) and (23) are bounded, x(n) or y(n) equivalent to cor-
responding discounted accumulated reward is also bounded.
Therefore, Assumption 3 is satisfied. Then, according to
Lemma 1, iterates {x(n), y(n)} converge to the optimum.
Since the consistency between policy and value function,
policies converges to the optimum, and the proof is completed.

APPENDIX E
PROOF OF THEOREM 2

In this proof, we first define the optimal Bellman operators
as

THV πH (sH ; πL) = max
πH

(RH(sH , πH(sH); τL(π∗L))

+ γHV πH (h(sH , πH , π∗L); π∗L)),
TLV πL(sL; πH) = max

πL

(RL(sL, πL(sL); τH(π∗H))

+ γLV πL(h(sL, πL, π∗H); π∗H)).

Then, we define empirical Bellman operators T̂H and T̂L, i.e.,
T̂ n

H V πH (sH ; πL) = max
πH

(RH(sH , πH(sH); τL(πn
L))

+ γHV πn
H (h(sH , πH , πn

L); πn
L))

T̂ n
L V πL(sL; πH) = max

πL

(RL(sL, πL(sL); τH(πn
H))

+ γLV πn
L(h(sL, πL, πn

H); πn
H)).

Therefore, sequences in (33) and (34) can be rewritten as
x(n + 1) = (1− a(n))x(n) + a(n)T̂ n

H x(n) + a(n)βn+1
H

y(n + 1) = (1− b(n))y(n) + b(n)T̂ n
L y(n) + b(n)βn+1

L .

Since the rewards defined in (20) and (23) are bounded,
V πH (·) and V πL(·) are bounded by Rmax

H

1−γH
and Rmax

L

1−γL
,
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respectively. If we denote en
L = T̂ n

L ŷn − T n
L y∗ with ŷ0 = y∗,

we have ŷ = 1
n

∑n−1
i=0 (T̂ i

Lŷi + βi+1
L ) = 1

n (
∑n−1

i=0 T i
Ly∗ +∑n−1

i=0 βi+1
L +

∑n−1
i=0 ei

L), and
∥y∗ − ŷ∥∞

= ∥ 1
n

n∑
i=0

y∗ − 1
n

(
n−1∑
i=0

T i
Ly∗ +

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L)∥∞

≤ 1
n

n−1∑
i=0

∥T i+1
L y∗ − T i

Ly∗∥∞ +
1
n
∥

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L∥∞

≤ 1
n

n−1∑
i=0

γL
i∥TLy∗ − y∗∥∞ +

1
n
∥

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L∥∞

≤ 1
n

n−1∑
i=0

γL
i2V max

L +
1
n
∥

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L∥∞

=
2Rmax

L (1− γL
n)

n(1− γL)2
+

1
n
∥

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L∥∞

≤ 2Rmax
L

n(1− γL)2
+

1
n
∥

n−1∑
i=0

βi+1
L +

n−1∑
i=0

ei
L∥∞.

Therefore, ∥y∗ − y(n)∥∞ = ∥y∗ − T̂ n
L y∥∞ ≤ ∥y∗ −

ŷ∥∞ + ∥ŷ − T̂ n
L y∥∞ = 2( 2Rmax

L

n(1−γL)2 + 1
n∥

∑n−1
i=0 βi+1

L +∑n−1
i=0 ei

L∥∞) = 4Rmax
L

n(1−γL)2 + 2
n∥

∑n−1
i=0 βi+1

L +
∑n−1

i=0 ei
L∥∞.

According to Hoeffding-Azuma’s inequality [36] and a union
bound of the decision space, the probability of failure in any
condition is smaller than P(∥

∑n−1
i=0 βi+1

L +
∑n−1

i=0 ei
L∥∞ ≥

ϵ) ≤ 2|SL||AL| · exp(− ϵ2(1−γL)2

32nRmax
L

2 ). Similarly, x̂ can also
be approximated as a sum of past estimations, i.e., x̂ =
1
n (

∑n−1
i=0 T i

Hx∗+
∑n−1

i=0 βi+1
H +

∑n−1
i=0 ei

H), and the probability
of failure can be given by P(∥

∑n−1
i=0 βi+1

H +
∑n−1

i=0 ei
H∥∞ ≥

ϵ) ≤ 2|SH ||AH | · exp(− ϵ2(1−γH)2

32nRmax
H

2 ). Set the error rate

less than δ. Hence, P( 2
n∥

∑n−1
i=0 βi+1

L +
∑n−1

i=0 ei
L∥∞ ≤

8
√

2Rmax
L

2

n(1−γL)2 ln 2|SL||AL|
δ ) ≥ 1 − δ and P( 2

n∥
∑n−1

i=0 βi+1
H +∑n−1

i=0 ei
H∥∞ ≤ 8

√
2Rmax

H
2

n(1−γH)2 ln 2|SH ||AH |
δ ) ≥ 1 − δ. There-

fore, we can derive (37) and (38).
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