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Computation Offloading Optimization in
Satellite—Terrestrial Integrated Networks via
Offline Deep Reinforcement Learning

Bo Xie, Haixia Cui

Abstract—As the demand for global Internet connectivity
continues to grow, the satellite—terrestrial integrated networks
(STINs) have become more and more crucial for expanding
the service coverage and enhancing the network performance.
However, the task offloading problem in STINs faces many
significant challenges, such as high processing latency and energy
consumption. The current intelligent offloading strategies often
rely on the real-time interactions with the environments which
not only consume valuable satellite resources but also cause
irreversible damage to the satellite equipment due to some
operational errors. To address these issues, in this article, we
propose an offline deep reinforcement learning (offline DRL)
approach to learn and optimize the task offloading decisions
by leveraging the stored historical decision data and employing
the soft actor—critic (SAC) algorithm specifically. Experimental
results show that the proposed strategy outperforms most of the
existing methods in terms of latency and energy consumption
and effectively reduces the direct interactions with STINs.

Index Terms—Offline deep reinforcement learning (offline
DRL), satellite—terrestrial integrated networks (STINs), soft
actor—critic (SAC), task offloading.

I. INTRODUCTION

ITH the rapid development of aerospace technology,
Wthe satellite—terrestrial integrated networks (STINs)
have shown key roles in providing for the global connectivity.
It not only expands the traditional terrestrial network coverage
but also optimizes the data processing through edge computing
which can reduce the data processing delays and enhance
the real-time applications [1]. Moreover, in the remote or
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emergency areas, the local computing resource scarcity often
limits some task executions which then require more satellite
support [26]. At this point, the satellite edge task offloading
transferring tasks from ground users to near Earth satellites
becomes crucial for improving the network performance and
user experience which can effectively mitigate the geographi-
cal constraints on information service quality and enhance the
user experience in remote areas [2].

However, the existing satellite edge task offloading tech-
nique still encounters some challenges, such as processing
latency and energy consumption [3]. To address these issues,
the researchers have employed many traditional optimization
algorithms [4], [5], [6] and deep reinforcement learning
(DRL) techniques [7], [8], [29]. The traditional algorithms
solve the problems with precise mathematical models and offer
strong theoretical supports [6]. But, despite the reliability, the
traditional algorithms cannot perform well in the dynamic and
unpredictable environments due to their dependence on the
predefined models that assume static conditions [18], [19].
DRL, on the other hand, adaptively learns and formulates
the optimal decisions through the real-time environmental
interactions, excelling in the dynamic environments [8]. Its
ability to learn directly from the ongoing interactions with the
environments without pre-established models makes it espe-
cially suited to the environments characterized by uncertainty
and changing [18].

Despite the superiority of DRL in artificial intelligence, it
still exists some limitations in STINs. In particular, it relies on
the extensive real-time interactions with the environments to
obtain the training data [31]. The process not only consumes
valuable satellite resources but also causes irreversible damage
to the satellite equipment due to the operational errors. For
example, during the interaction learning process between DRL
and STINs, the incorrectly assigned computational tasks to
the satellite processor will lead to processor overload and
overheating which may shorten its lifespan [27]. Fortunately,
the digital twin technology can help to simulate the STINs
and reduce the equipment using although DRL still needs
some substantial real-time interactions for the optimal task
offloading [9], [10].

From the above analysis, this article proposes a novel com-
putation offloading optimization method based on the offline
DRL (offline DRL) to minimize the direct interactions with
the environments by utilizing the stored historical decision
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data and soft actor—critic (SAC) algorithm. Specifically, this
proposed method can learn directly from the historical deci-
sion data and enhance the decision making through the
policy iteration, thereby conserving the resources without
compromising the performance of STINs during the DRL
algorithm learning process. Initially, we use the table-based
reinforcement learning (RL) [11] to collect the decision data
and establish the historical data set. Subsequently, we apply
the SAC algorithm to analyze and learn from this data. Finally,
the trained SAC model is deployed in the same environment
to verify its performance. From the perspective of multiagent
RL [9], [12], our approach can be viewed as a special case
of the “centralized learning, distributed execution” paradigm,
where it learns from a historical data set rather than direct
environmental interactions.

In brief, the main contributions of this article are summa-

rized as follows.

1) We propose a satellite edge task offloading strategy
based on offline DRL which significantly reduces the
need for environmental interactions.

2) We effectively resolve the task offloading issues in
STINs using the historical decision data and SAC
algorithm.

3) Experimental validation demonstrates that the proposed
strategy outperforms most of the existing methods in
terms of task processing latency and energy consump-
tion. The results not only advance the research of
STINs but also offer new insights and tools for future
management and optimization of STINs.

II. SYSTEM MODEL

As illustrated in Fig. 1, we consider a three-tier architecture
consisting of low-Earth orbit (LEO), medium-Earth orbit
(MEO), and geostationary orbit (GEO) satellites. The ground
users communicate directly with the LEO satellites using
dedicated antennas [20]. The direct communication between
ground users and MEO or GEO satellites is infeasible due
to the transmission distance, which necessitates the relays by
LEO or MEO satellites [13], [14]. The satellites within the
same orbital layer utilize laser technology for communica-
tions to ensure a very high transmission rate with negligible
delay [21]. Conversely, the transfer of data between satellites
in different orbital layers is managed using Ka-band technol-
ogy [5]. The sets of LEO, MEO, and GEO satellites are defined
asM={1,2,....m,.... M}, N ={1,2,...,n,...,N}, and
G={1,2,...,g,..., G}, respectively.

Consider a user #; = {f; mips} With a task to offload, denoted
as T = {ci, djn, diout}, Where fimips is the MIPS of user
u; and c; represents the MIPS required for task completion.
diin and d; oy indicate the task input and output data sizes,
respectively. The task offloading decision is represented by
x = {x1, x2, x3, x4}, where Z?:l x; = 1 signifies that the task
can only be executed locally (x; = 1) or offloaded to a specific
orbital layer, i.e., x, = 1 for LEO, x3 = 1 for MEO, x4 = 1
for GEO. If the remote offloading is chosen by the ground
user, the task scheduler on the LEO satellite selects the specific
satellite in the LEO, MEO, or GEO layers to receive the tasks
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generated by the ground user. For example, as shown in Fig. 2,
if a user decides to offload a task to the MEO layer, the LEO
satellite’s task scheduler will select an appropriate satellite
from the MEO layer as the final offloading destination, after
which the user awaits the return of the task results.

A. Communication Model

The communication process encompasses the data transfers
from users to LEO satellites and the interorbital commu-
nications among satellites across three orbital layers. The
transmission rate from users to LEO satellite is calculated

by [5]
U U |2
U hY |
Y= log(l + p—”’"82 b7,

i,m

ey
where piL”m, |hf’]m|2, Si%m, and bilfm denote the transmission
power to LEO satellite, channel gain, noise power, and channel
bandwidth, respectively.

For the communications from LEO to MEO and from MEO
to GEO, a similar model can be employed to estimate their
transmission rates and possible differences in transmission
power, channel gain, and bandwidth [25]. Specifically, the
communication rate from LEO to MEO can be given by

pLM |]’lLM |2

m,n!""'m,n

Pt = tog 1+ Lol ) o
m,n

(@)
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The communication rate from MEO to GEO can be written
by

G Pig g I\ i

Y =log| 1+ == 7 |bhg 3)
n’g

where m, n, and g correspond to the indices of LEO, MEQO,

and GEO satellites, respectively.

B. Latency Model

If the task is executed locally, the system delay only includes
the task execution part. If it is offloaded to a satellite, the delay
includes both transmission and execution parts. Of course, the
delay for local execution can be given by

Ci
DEOC — o
i,mips

When the offloading is taken by a satellite, the delay consists
of both transmission and execution delays by depending on
the specific orbital layer. For example, the system delay when
offloading to the LEO satellite can be written by

“)

pleEo _ G diin  diouw 5)
l - flep iy U
mips i,m m,i
where rg ; represents the downlink transmission rate from
LEO to user.
The system delay when offloading to the MEO satellite is
DMEO __ Cmips di,in di,in di,out di,out (6)
i — fmeo U LM LM u -
mips i,m m,n n,m m,i

Similarly, the system delay when offloading to the GEO
satellite is
Cmips di,in di,in di,in
&0 v T AM T MG
mips i,m m,n n.g

DOEO —

di,out
ou, %

m,i

di out
+ MG + LM +
g.n n,m

Then, the total task delay is calculated by
D; = x1- D%OC +x - D{T’EO + x3 - D?/[EO + x4 - DiGEO

4
Sw=1. ®)
i=1

Thus, the overall system delay can be obtained as
|U|

D= Z D; )
i=1

where |U| is the number of ground users. We assume that each
user only offloads one task at time slot 7.

C. Energy Consumption Model

The system energy consumption exists in the CPU part and
the wireless transmission part. The CPU energy consumption
consists of the device idle energy consumption and the energy
consumed during the task execution, which can be calculated
by the following formula:

(10)
where E; max is the maximum energy consumption, pi;cpu iS

the CPU utilization rate, and E; jqle is the energy consumption
in idle state.

Ei,cpu = Ei,max * Mi,cpu + Ei,idle
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The energy consumption for wireless transmission is
assumed to consume energy, p;, per thousand transmit bytes
and then the energy consumption can be written by

Ej trans = (di,in + di,out) *Pi- (11)
Therefore, the energy consumption of user i at time slot ¢
is calculated by

E;=x-E%

i,cpu

+x3- (E-MEO + EMEO )

i,cpu i,trans

+xy - (ECEQ + EGEO,)

i,cpu I,trans

4
in =1.
i=1

Thus, the total energy consumption of the system is given
by

tx- (ELEO 4+ ELEO )

i,cpu i,trans

(12)

U]
E=)E
i=1

where |U| represents the total number of users.

(13)

D. Problem Formulation

We aim to minimize the system energy consumption while
ensuring the service quality and user experience. The task
delay can be incorporated as a constraint for the objective
optimization. Specifically, for the latency-sensitive tasks, if the
execution delay exceeds its maximum allowable threshold, it
is considered as an offloading failure, which adversely affects
the overall system performance and user satisfaction. Based
on this, we define the following objective function:

T
min ZE(r) (14)
=1
4
st Y x=1 Vx; € {0, 1} (15)
(; <1 D; < Dmax.i VieU (16)
0 < Ejcpu Vie {U M,N,G} (17)
0 < E; trans Vie {M,N, G} (18)

where (15) ensures that each user’s task must be strictly
executed locally or offloaded to one of the satellite layers:
LEO, MEO, or GEO. This constraint ensures the uniqueness
of task allocation and the certainty of the execution path.
Constraint (16) aims to ensure that the delay of any task does
not exceed its maximum allowable delay. This constraint is
crucial for meeting the real-time requirements and ensuring the
user experience, particularly in latency-sensitive applications.
Further, (17) and (18) ensure that the energy consumption
during the task execution and data transmission processes is
reasonably accounted for, respectively.

Due to the integration of discrete decision, x, and continuous
variables, such as computational resources and bandwidth, the
problem in (14) is a mixed-integer nonlinear programming
(MINLP) problem. Arising from the necessity to simultane-
ously optimize the conflicting objectives, such as minimizing
energy consumption and latency under the dynamic and
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uncertain network conditions, it is characterized as NP-hard.
To address this issue, we will propose a solution method based
on DRL as follows.

III. OFFLINE DRL SOLUTION

DRL requires extensive interactions with the environment
to learn the optimal strategies which can lead to exces-
sive consumption of satellite resources and potential damage
to equipment while the traditional optimization algorithms
avoid these learning characteristics without direct environ-
mental interactions. So, in this section, we propose a novel
offline DRL-based offloading optimization solution to learn
the optimal decision policies by leveraging the historical
data from traditional optimization algorithms, as shown in
Fig. 3. The offline DRL uses an existing experience pool
{(ss, ar, s}, 1)} to train the decision-making strategies without
direct environmental interaction, reducing the satellite resource
consumption and associated risks [17]. s; and s, are the states
of STINs, a; represents the offloading decision, and r; is the
reward under the offloading decision a;.

The offline DRL process includes three steps: first, an
arbitrary policy g generates data stored in an experience pool;
second, an enhanced offline reinforcement algorithm learns
directly from this data; and finally, the trained policy 7 is
deployed for validation and application. Although the offline
DRL initially collects the experience data once, the strategy
can be iteratively optimized for better performance.'

We also adopt the discrete SAC algorithm with an offline
policy for the task offloading decisions. The RL algorithms
are used to collect the preliminary experience data due to
their table-based characteristics, which involve less interaction
with the environment. However, these methods struggle with
the large state space in satellite task offloading. Inspired
by [11], we discretize the satellite system state into four
levels: 1) low; 2) medium; 3) busy; and 4) high. The tasks
are similarly categorized based on the computational needs
and data volume. Specifically, the categories for the state
parameters are set as follows.

1) Task MIPS Requirements: “low” for the tasks requiring
fewer than 20 000 MIPS, “medium” for those requiring
between 20000 and 100000 MIPS, and “high” for the
tasks exceeding 100 000 MIPS.

2) Maximum Allowed Latency: “low” for the tasks that can
tolerate delays of up to 6 s, “medium” for those that can

n this article, we collect the data only once, rather than continuously
collecting the data and iterating the algorithm. Continuous data collection and
algorithm iteration are applied in the engineering projects.
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withstand latency between 6 and 15 s, and “high” for
the tasks needing to be executed in less than 15 s.

3) Current Ground User MIPS Usage: “low” for the usage
under 30 000 MIPS, “medium” for usage between 30 000
and 130000 MIPS, and “high” for the usage exceeding
130000 MIPS.

4) Ground User CPU Utilization: “low” for the utiliza-
tion below 25%, “medium” for 25%-50%, “busy” for
50%—75%, and “high” for 75%—-100%.

5) Satellite CPU Utilization: Following the same catego-
rization as the ground user CPU utilization, the CPU
usage of a satellite is classified into “low” (below 25%),
“medium” (25%-50%), “busy” (50%—75%), and “high”
(75%-100%).

To meet the neural networks’ input requirements in the
discrete SAC algorithm, we use one-hot encoding for these
categorical state features, transforming them into a format
suitable for neural networks. The following sections detail the
implementation of the discrete SAC algorithm under an offline
policy. Similar to [11], the reward r; is defined as

#=€E+D (19)

where € is the parameter that balances task delay and energy
consumption. Note that, in order to reduce system latency
and energy consumption, we choose the action a; in the RL
algorithm that minimizes 7.

A. SAC-Based Offline-DRL Solution Algorithm for Task
Offloading

This section describes the adapting process of the con-
tinuous SAC algorithm into a discrete version for the task
offloading decisions. We first review the continuous SAC
algorithm principles and then describe the discrete SAC
implementation.

The continuous SAC algorithm maximizes an objective
function that includes a maximum entropy term [22], [23]. The
optimal policy, denoted by 7%, is determined by maximizing
the following expression:

T
7% = argmax Y B(.a)~r, [v (75 @) + aH (T (|s))]
T t=0
(20)

where 7 represents the decision-making strategy and 7 stands
for the total number of time steps. The function r = —7 € R
represents the reward function, with y € [0, 1] indicating the
discount rate. The state at each time step ¢ is given by s; € S,
and the action taken at time step ¢ is denoted by a; € A. The
term 7, describes the distribution of trajectories induced by
the policy m. « is the temperature parameter adjusting the
influence of the entropy H (s (-|s;)) of the policy & at state s;,
which is calculated as H(w(-|s;)) = —logm(-|s;), reflecting
the uncertainty of the policy at state s;.

The goal is refined via soft policy iteration (SPI), a process
that alternates between evaluating and improving policies.
During the evaluation phase, the value of the current policy &
is calculated using the soft state value function as

V(s) = By [QCs1, ar) — alog( (arls1)) ] 2
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In the continuous settings, the soft O-function Qg (s;, a;) is
modeled by a neural network characterized by parameters 6,
and it is optimized to reduce the soft Bellman residual as

1
Jo0) = ]E(s,,a,)~D[§(Q9 (s, ar)—

(K512 ap) + yEs,ﬂwp(‘f,,a,)[v9-<s,+1>]))2] @2)

where D represents a replay buffer that stores past experience
tuples and V;(s;4.1) is computed using a target neural network
to approximate future state values.

During the policy improvement, the policy is updated to
maximize the expected return, using the soft Q-function from
policy evaluation. The updated policy is constrained within
a parametric distribution family, like a Gaussian distribution.
The policy update process can be described by the following
formula:

) CXp(éQ”o]d(Szw))
Tnew = arg min Dgp | 7 (+|s,)]|

— | @3
well 27l (s1)

where Z™0ld (s,) is the partition function. In practice, this policy
7y (aylsy) is parameterized by neural networks with parameters
¢ and learns policy gradients by minimizing the expected
Kullback-Leibler divergence

Iz (@) = Egnp[Egm, [ log(mg (arlsn) — Qo(si, an]]. 24)

A reparameterization trick is used to handle the expected
operation of the policy output distribution. This method com-
bines the network outputs with noise from a standard normal
distribution

Jn (@) = B enn [05 10g(7‘[¢ (f¢> (€r; St))
— 0O (st’fqb(et; Sl)))] (25)
where 7y is implicitly defined in terms of fy. a; = fp (€3 51),
where € ~ N(0, I).

Moreover, Haarnoja et al. [23] proposed a method for
adaptively learning the temperature parameter, which avoids
setting it as a hyperparameter. They derived the final goal for
the temperature parameter, expressed as

J(o) = Egnr, [—a(log mr(arlsy) + I:I] (26)

where H represents a fixed vector mirroring the hyperparame-
ter that dictates the desired level of entropy in the policy. Since
it involves expected operations, directly minimizing the above
expression poses challenges, so a Monte Carlo method based
on samples from the replay buffer is used for estimation.

We extend the continuous action SAC algorithm to a
discrete action version for the offline DRL [24]. The key
modification changes the policy gy (ay|s;) to output the discrete
action probabilities, transforming the Q-function from Q € R
to Q € RMI. The policy function also changes to output a valid
probability distribution of actions 7 € [0, 1]]. This allows
the direct calculation of the expected action values without the
reparameterization trick.

Previously, to minimize the objective function J(¢), the
soft state value functions are typically estimated using Monte
Carlo methods with samples from the replay buffer. This
estimation involves the computing expectations of the action

38807

Algorithm 1 SAC-Based Offline DRL Approach for Task
Offloading in STINs

1: Initialize Qp € RMI, 7, € [0, 1714
2: D> Initialize an empty replay buffer
3: D<@

4: > Data collected onece with RL
5: D <« {(Sﬁ at, r(S17 at))}

6: for each epoch do

7 for each batch do

8: > Selecte a batch data
9: Dy < {sp, ap, rp}
10: > Compute the Q-function
11: O(sp, ap)
12: > Compute the policy network
13: 7p (Sp)
14: > Compute the temperature network
15: Tt (S'b)
16: > Update the Q-function weights
17: 0 <0 —AVyJg©®)
18: > Update the policy network weights
19: ¢ < ¢ —2xVpJz(9)
20: > Update the temperature network weights
21: o <— o — rygVyJ(a)
22: end for
23: end for
24: Output: ¢

probability distribution. Under our discrete action framework,
since the action space is discrete and we can directly obtain
the probability distribution for each action, the expected value
of the actions can be directly calculated, allowing for (21) to
be rewritten as

V(s) = ()" [Qs1, a) — e log( (s1))]. 27)

Similarly, the temperature objective function (26) is rewrit-
ten as

J(@) = my(s) [~ (log mi(s) + H]. (28)

To minimize (24), we use the reparameterization trick,
resulting in (25). Now, as the policy outputs an explicit action
distribution, we can directly compute the expectation without
relying on the reparameterization trick. Therefore, (25) can be
rewritten as

T2 (9) = Eg~p[mi(sn)” [ log(ms (s1) — Qa(s)]]. (29

In short, the proposed approach is summarized in
Algorithm 1. Initially, we use the RL algorithms [11] to
interact with a satellite—ground integrated network and col-
lect an experience data set D. We then use the discretized
SAC algorithm to learn from these historical experience
data D. The SAC training process follows the conventional
deep learning workflow. First, a batch of data is randomly
selected from data set D to compute the Q-function, policy
network, and temperature network. Next, loss functions are
calculated according to (22), (28), and (29). The param-
eters of the Q-function, policy network, and temperature
network are then updated through stochastic gradient descent.
Finally, we deploy the trained policy network in our satellite—
ground integrated network to assess the strategy’s practical
performance.
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B. Algorithm Convergence

Similar to [30], we analyze the convergence of the proposed
algorithm.

The proposed SAC algorithm is based on the principle of
maximum entropy RL, and the soft Bellman equation for the
state value function (27) is defined as follows.

V*(s) = m;lx ]Ea,'vn('\s,)[Q(st’ a) —a 10g7T(at|St)]~ (30)

We have the following.
Lemma 1: For all (s, a) € S x A, the optimal value function
V*(s) and the optimal policy 7*(als) satisfy

VEi(s)) = alogzexp<¥)

a;

exp<Q(sot;a:)>

QGra) )’
o ew(2522)

Proof of Lemma 1: The proof of this lemma is
presented in Appendix A. |
Next, the Q*(s, a) is defined as follows.
Definition 1: For V*(s) that satisfies

Q*(s,a) = r(s, a) + yEy,[V*(s)].
Thus, we have

O(s,a) = r(s,a) + yEg,[V(s)] = 0" (s, a).
We can now present the main theorem of convergence.
Theorem 1: For any initial policy mp and corresponding
action-value function Q7, the SPI algorithm converges to a
unique fixed point such that Q7 (s, a) = Q*(s, a), V™ (s) =
V*(s), and m*(als) is the optimal policy that satisfies (31)
and (32).
Proof of Theorem 1: The proof of this theorem is
presented in Appendix B. |

€29

7 (alls) = (32)

(33)

(34)

C. Time Complexity Analysis

The time complexity of the proposed algorithm primarily
arises from the SAC deployment stage, where we use a deep
neural network (DNN) as the policy network. The inference
time complexity of the DNN is O(L - M?), where L is the
number of layers in the neural network and M is the number
of neurons per layer, which is critical for real-time operations.
Although our focus has been on inference due to its relevance
in deployment, it is also important to consider the training
time complexity. The training process, conducted offline on a
dedicated server using the stored historical data, has a time
complexity of O(E - N - L - M?), where E is the number of
training epochs and N is the size of the training data set. Since
the training is performed offline, the computational resources
and time required do not impose constraints on the deployment
scenario, allowing us to avoid the high resource consumption
and potential risks associated with real-time interactions in the
STIN environment.

IV. PERFORMANCE EVALUATION

This section offers simulation results showcasing the effi-
ciency of our proposed algorithm within STINs. The task
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TABLE I
SYSTEM PARAMETERS

Parameter Value Parameter Value
02 n 7.9¢-13 62 7.9¢-13
62 4 7.9e-13 Crmips [1.5¢6, 6€6, 2¢T7]
d; in [500, 1.5¢5, 1e6] d; out [500, 1000, 1e6]
€ 0.01 - -
TABLE I
PARAMETERS OF SAC
Parameter | Value Description
o 0.99 Discount factor
Ar 0.0003 The learning rate of the policy network
A 0.0003 The learning rate of the Q-function network
Ao 0.0003 | The learning rate of the temperature network
B 50 Epoch
- 64 Batch size
« 1 Initial temperature

offloading algorithm and neural network are implemented with
Pytorch,” and the system model is created using SatEdgeSim.3

A. Simulation Setup

We implement the proposed framework on a Linux worksta-
tion with 64-bit Ubuntu 22.04.1. The hardware for training all
DRL baselines included an Nvidia GeForce RTX 3090Ti GPU
with 24-GB memory and an Intel Core i9-10980XE processor
with 18 cores at 3.00 GHz.

The main experimental parameters follow [16]. The energy
consumption per bit of transmitted data is set at 5 x 1078
units of energy, and the bandwidth between users and LEO
satellites is 1000 Mb/s. Similarly, the bandwidth between LEO,
MEO, and GEO satellites is also 1000 Mb/s. CPU resource
allocation uses the traditional space-sharing algorithm, while
bandwidth allocation employs a fair-sharing algorithm. Other
parameters are with reference to the setting of computing and
communication in STINs [16], [25], the main parameters in
our system are set as in Table I. The hyperparameters set
during the SAC training are shown in Table II.

Note that, in our implementations, we only normalize the
rewards [28] because the states are one-hot encoded.

We assess the effectiveness of our proposed method by
contrasting it with the following benchmark approaches.*

1) Distance-Only [15]: The distance delay between the
user and the satellite is used as a feature to select the
computing node.

2) WEIGHT_GREEDY: This algorithm is described in [16].

3) RL: A strategy from [11] that simplifies state represen-
tation by discretizing the multidimensional state space
into categorical features. We use this algorithm to gain
the historical decision data.

4) Behavioral Cloning (BC): This is a supervised learning
approach that learns the mapping between states and

2https://pytorch.org/

3https://github.com/wjy491 156866/SatEdgeSim

4In offline DRL, the goal is to determine whether the performance of the
optimal policy learned from a historical data set can approach that of the
algorithm which generated the historical data set [17]. DQN and DDQN are
chosen as baselines because they are off-policy RL algorithms.
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Fig. 4. Performance metrics of the proposed SAC.

actions directly from the historical experience pool using
traditional deep learning models.

5) DON: An offline policy DRL algorithm that begins by
collecting interaction experiences with the environment,
storing them in an experience pool, and then extracting
sample data for training the Q network.

6) DDQN: To address potential overestimation issues dur-
ing DQN training, DDQN introduces two Q networks to
enhance learning stability.

B. Performance Evaluation

Fig. 4 presents the convergence behavior of the proposed
SAC algorithm, highlighting four key metrics over 50 epochs
of training. The Actor Loss plot (top-left) shows a steady
decrease, indicating continuous improvement in the policy’s
performance. The Temperature plot (top-right) demonstrates
how the exploration parameter stabilizes early in the train-
ing process, contributing to more consistent policy updates.
Similarly, the Temperature Loss plot (bottom-left) rapidly
converges to near-zero values, suggesting that the temperature
parameter is effectively tuned. Finally, the Value Scale plot
(bottom-right) exhibits a consistent upward trend, reflect-
ing the increasing value estimation as the algorithm learns
more about the optimal policy. Collectively, these results
illustrate the SAC algorithm’s stable and efficient convergence
properties.

Fig. 5 shows the task success rates under different task
offloading strategies. The results indicate that even when
trained solely on the historical data from the RL algorithm, the
DQN, DDQN, and SAC algorithms significantly outperform
the original RL algorithm, validating the efficacy of offline
DRL. The BC algorithm, trained using a supervised learning
paradigm based on RL historical data, shows the improved
task success rates but still falls below DQN, DDQN, and
SAC, further highlighting the superiority of offline DRL with
these advanced algorithms. Additionally, Fig. 5 shows that
the DQN and SAC algorithms achieve the comparable task
success rates with the Distance-Only algorithm, demonstrating
that DQN and SAC can achieve high task success rates solely
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Fig. 6. Average energy consumption for individual satellites.
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Fig. 7. Task average end-to-end delay.

based on the historical RL data. Note that the Distance-Only
algorithm is currently the optimal algorithm in the SatEdgeSim
simulation framework.

Fig. 6 demonstrates that with an increasing in the number
of edge devices, there is a corresponding rising in the average
energy consumption per satellite node. The data in Fig. 6 show
that the DDQN and SAC algorithms have the lowest average
energy consumption per satellite node, reaffirming the energy
efficiency advantages of offline RL.
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Fig. 7 analyzes the system performance from the perspec-
tive of average end-to-end delay of tasks. The DQN, DDQN,
and SAC algorithms all outperform the RL baseline model,
confirming the effectiveness of offline RL. The SAC algorithm
exhibits a higher average end-to-end delay compared to the
BC, DQN, and DDQN algorithms because it offloads more
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tasks to the MEO layer, whereas BC, DQN, and DDQN mainly
offload tasks to the LEO layer.

Fig. 8(a) and (b) depicts the rates of task failures attributed
to latency and mobility issues. The algorithms DDQN,
SAC, and Distance-Only are shown to significantly mitigate
these task failure rates associated with latency and mobility
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end-to-end delay.

challenges. The Distance-Only algorithm demonstrates strong
resilience against the increasing numbers of edge devices, indi-
cating good stability against task failures caused by mobility.
However, as the number of edge devices increases, task failures
due to mobility issues also increase for the DDQN and SAC
algorithms.

Fig. 9(a)—(c) depicts the distribution of task executions
under different resource types. The figures show that the
SAC algorithm tends to offload tasks to the LEO and MEO
layers, whereas the DDQN algorithm favors the GEO and LEO
layers. Although DDQN and SAC are derived from the same
training data set and their offloading decisions are distinctly
different, both algorithms display similar performance levels.
This indicates that multiple effective task offloading strategies
exist within satellite—ground integrated networks. Specifically,
the Distance-Only algorithm prefers to offload tasks to the
nearest LEO layer, primarily because it bases its offloading
decisions on the proximity between users and satellites.

C. Experimental Validation of Algorithm Robustness

To further validate the robustness of the proposed SAC
algorithm, this article conducts a series of tests by adjusting

(©)

Results of algorithmic robustness in diverse metrics. (a) Task success rate. (b) Average energy consumption of each satellite. (c) Task average

task parameters. Specifically, the input and output data
sizes and the required MIPS computational resources for
each task are increased tenfold, while all other system
parameters remain unchanged. To ensure the fairness of the
experiments, the BC, DQN, DDQN, and SAC algorithms
are all deployed using models that has been previously
trained.

Fig. 10(a) shows the performance of the Distance-Only
algorithm when handling single tasks with high computa-
tional and data demands, which does not reach the excellent
performance shown in Fig. 5. This suggests that algorithms
based on distance as a decision criterion may not be suitable
for handling single large-scale tasks. At the same time, the
DDQN and SAC algorithms demonstrate comparable task
success rates, both significantly outperforming the Distance-
Only algorithm, fully reflecting the superiority of these two
algorithms.

Fig. 10(b) and (c) presents comparisons of both the aver-
age energy consumption per satellite node and the average
task end-to-end delay across different algorithms. The SAC
algorithm outperforms the other algorithms on both metrics,
particularly in terms of average energy consumption per satel-
lite node and average end-to-end delay of tasks. This further
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verifies the robustness of the SAC algorithm, significantly
superior to the BC, DQN, and DDQN algorithms.

From the above, we has experimentally verified the effec-
tiveness and practicality of offline DRL in the task offloading
scenario of STINS. The proposed SAC-based task offloading
algorithm has demonstrated robustness performance when
faced with computationally and data-intensive tasks, signifi-
cantly outperforming the DQN and DDQN algorithms. This
provides a new approach for the task offloading strategies in
complex environments in the future.

V. CONCLUSION

This article optimizes the task offloading problem in STINSs
by adopting the offline DRL. It significantly reduces the direct
interactions with the environments, effectively lowers the satel-
lite resource consumption, and enhances the task processing
efficiency. Experimental results demonstrate the substantial
advantages in terms of latency, energy consumption, and
overall system performance, clearly showcasing the potential
of offline DRL in optimizing the satellite network tasks.

Future work will explore the integration of digital twin
technology to further optimize the task offloading strategies
and enhance the adaptability of our approach. Additionally,
we will consider expanding the model to support larger-
scale networks and test more complex network scenarios and
conditions.

APPENDIX A
PROOF OF LEMMA 1

Our goal is to maximize the state value function V(s;)

V(s = In]?X Eo~m(ls) [Q(s,, a;) — logr[(a,|st)]. 35)

To introduce the Lagrange multiplier method, we need to
consider the probability distribution of the policy m(als), i.e.,

> wals) = 1. (36)

We construct the Lagrangian function £(7r, A) to represent
this constraint by

Ler,2) =Y mlads)[Qsi, ar) — alog (arlsy)]

ar

A(l — Zn(atls,))

where X is the Lagrange multiplier.

To solve for the optimal policy 7 *(a;|s;), we need to take
the derivative of the Lagrangian function £(r, 1) with respect
to m(a¢|s;) and set the derivative equal to zero

oL
ariadsy 20
Then, we solve this equation to obtain 7 (a;|s;)

O(ss, ar) —iA—«
7 (a|s;) = exp<T> -exp( " )

Since m(a;|s;) is a probability distribution, we determine A

by normalizing Za, w(als;) =1
—A—«
exp( ) = 1.(40)
o

Zﬂ(at|5t) = Ze <Q(Sh a,))

(37

— a(log 7 (als) + 1) — A = 0. (38)

(39)
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We have

—A—a _ 1
%P o - OGna) )’
> a, €Xp( =L

Therefore

(41)

exp(Q(sl;’“’))

OGra) )’
Zat eXP(#)

By substituting the optimal policy 7*(a;|s;) into the state
value function in (35), since 7*(a;|s;) has already maximized
this expression, we can directly use the maximized value

V*(sy) = alog Z exp(@).

ag

T (agls) = (42)

(43)

APPENDIX B
PROOF OF THEOREM 1

The soft Bellman operator 77 for a given policy m is
defined by

T O(s,a) =r(s,a) + VEst(S’\s,a)[Vn (S/)]

where
Vi(s) = alogZe p(Q(s a))

This operator maps a current estimate of the action-value
function Q(s,a) to a new estimate based on the expected
rewards and future value estimates.

To prove the convergence, we need to show that the soft
Bellman operator is a contraction mapping. That is, for any
two action-value functions Q1 and Q» [31]

IT"01 = T" Q2lloo < 71101 — Q2 (46)

Given that 0 < y < 1, the contraction mapping property
implies that the repeated application of 77 will converge to a
unique fixed point Q7 , which satisfies the Bellman equation

Q" (s,a) =r(s,a) + V]Es"vp(s’ls,a) [Vn (S/)]~ 47

Since the soft Bellman operator is a contraction, the
repeated application of it under the SPI algorithm will
converge to the optimal action-value function Q*(s, a). The
corresponding optimal value function V*(s, a) is then

V*(s) = alogZexp(Q*(:’ a)).

Given the convergence of Q*(s,a), the optimal policy
m*(als) derived from the softmax distribution over Q*(s, a)
also converges

(44)

(45)

(48)

exp(2129)
7*(als) = ﬁ (49)
s,d
> exp(229)
Finally, we demonstrate that the fixed point (Q*, 7*) is

unique. Given the contraction property of the soft Bellman
operator, the fixed point to which it converges must be unique.
Therefore, the algorithm converges to the unique optimal
action-value function Q* and the corresponding optimal
policy m*.
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