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. ABSTRACT

Beam hopping (BH) is considered to provide a high level of flexibility to manage irregular and time-varying
traffic requests in future multi-beam satellite systems. In BH optimization, adopting conventional iterative
heuristics may have their own limitations in providing timely solutions, and directly using data-driven
technique to approximate optimization variables may lead to constraint violation and degraded performance.
In this paper, we explore a combined learning-and-optimization (L&O) approach to provide an efficient,
feasible, and near-optimal solution. The investigations are from the following aspects: 1) Integration of
BH optimization and learning techniques; 2) Features to be learned in BH design; 3) How to address the
feasibility issue incurred by machine learning. We provide numerical results and analysis to show that the
learning component in L&O significantly accelerates the procedure of identifying promising BH patterns,
resulting in reduced computing time from seconds/minutes to milliseconds level. The identified learning
feature enables high accuracy in predictions. In addition, the optimization component in L&O guarantees
the solution’s feasibility and improves the overall performance with around 5% gap to the optimum.

- INDEX TERMS Beam hopping, machine learning, neural network, optimization, satellite communications.

l. INTRODUCTION

Data-driven techniques have been widely studied in terres-
trial wireless communications fields, proving the benefits and
potentials of such techniques [1]-[3]. Among the several
applications analyzed in the terrestrial domain, solving the

beam system scenarios with non-uniform traffic demands. In
the following, we explain the concept of beam hopping (BH),
state-of-the-art, and the contribution of this paper.

A. FLEXIBLE SATELLITE ENABLER: BEAM HOPPING

large-scale resource management optimization problems is
one of the areas where learning techniques can bring sig-
nificant benefits. Optimization problems associated with fre-
quency and power allocation, spectrum management, power
control, intelligent beamforming are a few examples that are
of high relevance to satellite communications (Satcom) sys-
tems. The application of data-driven techniques for satellite
networks are studied to a limited extent in the literature. The
latter motivates this paper to investigate learning-based so-
lutions to optimize the satellite resource allocation in multi-
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Satellite resources are expensive and thus it is necessary to
optimize and, whenever possible, time-share these precious
resources. The capability to flexibly allocate on-board re-
sources over the service coverage area is becoming a must for
future broadband multibeam satellites. Previous and current
systems have shown that in large multibeam satellites the
demand in some spot beams greatly exceeds the available
capacity (hot—spots) while in others the situation is inverted
(cold—spots). This raises a paradoxical scenario where de-
mand is left unmet in the hot—spots while capacity is left
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Figure 1. Offered and requested capacity in ideal and practical scenarios.

unused in the cold—spots. The consequence for the satellite
operator and service provider is twofold: (i) a loss of the
revenue corresponding to the unmet demand plus, (ii) the
loss of the investment in the unused capacity. The primary
goal of flexibility is then to solve this paradox and maximize
the amount of system capacity that is actually used (or sold)
by allocating it where needed. In conventional payloads, the
resources per beam are fixed and uniformly distributed across
beams [4], therefore providing the same capacity to each
beam, e.g., Fig. 1, down-side. In this work, we aim to assign
the resources according to the asymmetric traffic demands.

Resource Manager Satellite Payload

Optimized Control signal

lllumination &BH lllumination Switching Matrix
@ pattern -

BH illumination pattern pattern

design " oy T &gi

@& Active Beam
O Inactive Beam

Offered &
requested
data feedback Gateway

Figure 2. TT&C and Resource Manager in BH system architecture.

Satellite payload designs are becoming increasingly flex-
ible, involving flexible allocation of bandwidth (irregular
frequency reuse), of time, and of power. With the emergence
of sophisticated payload designs, new satellites, e.g., SES-
17 [5], Eutelsat QUANTUM [6], with such flexibility of
adapting satellite resources to realistic and dynamic traffic
conditions, are expected to be launched in the coming years.
BH for satellite systems has been proposed as a promising
technological enabler to provide a high level of flexibility
to manage irregular and time-variant traffic requests in the
satellite coverage area [4], [7]. With BH, all the available
satellite resources are employed to provide service to a
certain subset of beams, which is active for some portion of
time, dwelling just long enough to fill the demand in each

2

beam. The set of illuminated beams changes in each time-
slot based on a time-space transmission pattern (called BH
illumination pattern) that is periodically repeated. Regarding
the BH architecture, the most important component is the
satellite resource manager, which is the entity that determines
the BH illumination pattern. The satellite is informed about
the BH illumination pattern via telemetry, tracking, and com-
mand (TT&C). A simplified architecture is depicted in Fig. 2,
where the TT&C is co-located with the resource management
unit. The resource manager is responsible of generating the
appropriate illumination pattern that matches the capacity
demand, and the outcome is communicated to the satellite
gateway and to the payload. The switching matrix in the
satellite payload represents the switching capabilities of the
payload, which determines the active beams.

B. RELATED WORKS

The challenging task in BH systems is to determine the beam
illumination pattern, i.e., the beams to be simultaneously
activated and for how long. Some studies in the literature
have addressed the beam illumination pattern design from
different perspectives. Some of the works, e.g., [8]-[10],
emerged as a result of the European Space Agency (ESA)
project entitled “Beam Hopping Techniques for Multibeam
Satellite Systems”. In [8], the authors proposed an iterative
algorithm for the joint BH time-plan design and the spectrum
assignment targeting the maximization of the overall offered
capacity of the system subject to certain beam demand and
power constraints. Similarly, [9] proposed a heuristic iterative
algorithm to find a solution of the BH illumination design.
In [10], the goal is to optimize both power and BH design
such that the amount of offered capacity is maximized while
minimizing the power consumption. The problem cannot be
solve optimally, and heuristic solutions based on iterative
algorithms are proposed. In [11], the benefits of BH in terms
of system performance are analyzed. More precisely, the
design of the BH illumination pattern is obtained with genetic
algorithms targeting global optimal solution for the system
capacity maximization problem. Likewise, the recent work
presented in [12] targets the optimal design by making use of
the simulated annealing algorithm.

The main difficulty in BH pattern design is the large
search space for identifying the optimal patterns. That is, in
order to find the optimal solution, the number of possible
BH patterns to be searched increases exponentially with the
number of beams [8]. For the satellite systems composed
of hundreds/thousands of beams, it renders a complicated
optimization procedure with long computation times. The
conventional exact/optimal solutions are typically impracti-
cal for realistic systems, as computational and storage ca-
pabilities can exponentially increase with the systems’ scale
[7]. Given the inherent difficulty in BH design, the capability
of a low-complexity suboptimal solution in timely achieving
satisfactory performance is limited [13]. In this context, deep
learning (DL) appears as a promising technique that offers
an alternative to design optimization algorithms for complex
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resource management in wireless networks. DL for resource
allocation has received considerable research attention over
the past few year [14]-[19]. In addition to conventional
heuristics, it provides a viable choice in developing efficient
solutions. A majority of these works focuses on terrestrial
networks, e.g., machine learning techniques in in physical
layer communications [14], deep learning for power allo-
cation [15] and scheduling [16], [17], Q-learning for power
control [18] and interference control [19].

Combining model-based optimization and data-driven
learning techniques for BH pattern design in order to reap
maximum benefits from both is an open research issue thus
calls for further investigations. In the literature, learning
based solutions for satellite BH pattern design, along with
their performance evaluation are studied to a limited extent,
compared to the learning applications in terrestrial commu-
nication systems. A recent work [20] has applied model-free
reinforcement learning approaches to optimize BH illumi-
nation, where the optimal policy is hardly approached due
to the exponentially increased action sets and the inherent
suboptimality in such model-free approaches. In general,
adopting conventional optimal/suboptimal algorithms for BH
optimization would require long computing time to itera-
tively achieve optimality or near-optimality. Conventional
end-to-end learning (ETEL), i.e., relying on a learning model
to directly output a complete solution for the addressed
optimization problem, may result in solution infeasibility and
performance deterioration. This is because, in practice, DL
techniques cannot guarantee a perfect prediction, i.e., with
100% accuracy. If one relies on ETEL to directly predict the
optimization variables, any inaccurate prediction can possi-
bly violate some constraints or lead to a degraded suboptimal
decision.

C. CONTRIBUTIONS
The main contributions of this work are summarized as
follows.

o By nature, BH design is a difficult constrained optimiza-
tion problem, the capability of ETEL or optimization
approaches in dealing with such complex problem is
however limited from different aspects. Being aware of
these shortcomings, we explore a viable way to combine
learning and optimization methods for BH design.

o We identify a learnable feature for BH, i.e., the car-
dinality of the optimal beam patterns, which leads
to high accuracy in learning-based prediction. In the
proposed learning-and-optimization (L&O) algorithm,
we provide an effective manner to integrate learning
and optimization components. As a pre-process step,
the learning-based prediction is used to cut off non-
optimal BH patterns, then the optimization part can be
concentrated on a small set only containing promising
BH patterns.

o We carry out performance comparisons among optimal,
suboptimal, ETEL, and L&O algorithms in terms of
computational time and approximating optimality. Nu-
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merical study demonstrates that in L&O, the learning
component is capable of dramatically accelerating the
procedure of promising BH pattern selection. While the
optimization component can guarantee the solution’s
feasibility and achieve near-optimal performance.

The rest of the paper is organized as follows. Section II
presents the system models for satellite systems and BH. Sec-
tion III formulates the BH optimization problem. Section IV
characterizes the problems’ property and proposes the L&O
algorithm. Numerical results are demonstrated in Section V.
Conclusions are given in Section VI.

Il. SYSTEM MODEL

A. MULTIBEAM SATELLITE SYSTEMS

We consider the forward link of a broadband multibeam
satellite system that aggressively reuses frequency resources.
We consider a bent-pipe transparent geostationary orbit
(GEO) satellite architecture, which relays the signal from the
gateway to the final receivers. The satellite payload is assume
to be equipped with beam switches, allowing to illuminate
different beams at a time. Let us assume the forward link
transmission of IV satellite beams, which are considered to be
equal to the number of transmitting elements on the satellite.
For the sake of spectral efficiency, we assume that all beams
share the same frequency band B. Note that the co-channel
inter-beam interference is minimized by solving the BH
optimization problem in section III. The optimized solution is
prone to avoid simultaneous illumination of adjacent beams.
The key notations are summarized in Table 1.

Table 1. Notations

number of beams

beam indexn =1,..., N

bandwidth per beam

requested demand in beam n

duration of a BH cycle

index of snapshots,g = 1,...,G

set of all the active beams in snapshot g

set of candidate snapshots, |G| = G

duration of snapshot g (continuous or discrete)
offered capacity for beam n

achievable rate of beam n in snapshot g

hjn  channel gain from the j-th satellite antenna to beam n
Pn transmit power for beam n

SEEERE

Q

I STQ
S 3
Q

The channel matrix H, which gathers the forward link
budget information and phase rotations introduced by the
over-the-air propagation. In particular,

H=PH (1)

where the matrix P models the phase variations due to the
different propagation paths and its components [P] , are
defined as,

el ifx =y
Pl .= 2
[ ]xy 0 otherwise, @
being ¢, a uniform random variable between —m and 7.
3
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The matrix H represents the real CSI contribution, which
is determined by the satellite antenna gain, the path loss, the
received antenna gain and the noise power. More precisely,
the (k, n)-th component of His given by,

[H] __ VGrGra
kn  4nlKoTB

where G is the user terminal antenna gain, G, ,, denotes
the gain from the n-th satellite antenna towards the k-th user
served within the n-th beam and d, is the slant range between
the satellite and the k-th user. The term /K 5T’ B represents
the noise contribution, where K p is the Boltzmann constant,
and T is the receiver noise temperature. The model has
been widely adopted in the literature, e.g., [8]-[12]. It is
common practice to include the noise contribution into the
channel model in order to proceed with the assumption of
unit-variance noise.

The received signal at the k-th user located at the n-th
beam can be expressed as,

3)

Yen = h£7n$ + Nkon, 4)

where hy. ., € CV*1 is the CSI vector corresponding to this
particular user, z € CV*! represents the vector of N sym-
bols and ny, ,, is the complex Additive White Gaussian Noise
(AWGN) at user k of beam n. Note that in this paper, we
assume an ideal feeder link and lossless processing on-board
the satellite. These assumptions allow us to consider x as a
signal transmitted from the satellite. Therefore, the channel
model considered in this work consists of the forward link
(satellite-user link) only.

For the sake of clarity, we can rearrange the received
signals (4) by using the following matrix notation,

y=Hx+n (®)]
The received samples are arranged into y = [le yﬂ r
where y,, is the vector containing the received signal for the

users belonging to the n-th beam.

B. BEAM HOPPING

The main design task in BH is to determine which beams
to be illuminated together and for how long. The BH illu-
mination pattern design consists of designing a BH cycle of
duration Ty, which is periodically repeated. Within a BH
cycle, a number of illuminated snapshots are used. In this
paper, we define a snapshot as a particular arrangement of
illuminated and un-illuminated beams. As an example, Fig.
3 illustrates a BH cycle composed of 6 different snapshots.
Each beam is covered by the used snapshots at least once.
These selected snapshots can be sequentially scheduled with
optimized duration.

By enumeration, the total number of possible snapshots,
denoted as G, is equal to 2N where N is the number of
beams. Clearly, the number of snapshots increases exponen-
tially with the number of beams, resulting in a large search
space for optimization.

4

)

BH eyele Ty BH cycle Ty
I—[—I_l LI time
L _©®. @)
/-\/'\/\A/‘*._,)
‘x/"u[/' . W
%0
§ L/

Figure 3. An example of a BH cycle composed of 6 different snapshots.

Remark In this work, we consider a general snapshot set
G, and focus on investigating the optimal BH illumination
pattern with flexible configuration of snapshots. In prac-
tice, the selection of candidate feasible snapshots could be
constrained by practical requirements, e.g., minimum SINR
requirement, that is, the candidate set G only contains the
snapshots that the SINR in all the active beams is higher than
the minimum SINR threshold. This issue can be addressed
by pre-processing set G and excluding those requirement-
violated snapshots. [

We define that a BH cycle is segmented into N, time
slots of duration T;,; (i.e. TH = Ts;0tNsior). The division of
the BH cycle into time-slots is depicted in Fig. 4, where the
selected snapshots and its duration are illustrated using differ-
ent colors. We use variables t1,...,%,4,...,tg to represents
the number of slots allocated to snapshots 1,...,9,...,G,
respectively. If ¢, is equal to 0, then the g-th snapshot is not
used. Since each time slot can only be used by at most one

snapshot, thus 3= t4 510t = T

& Lot —>

CITTTTTTTTTTTTTTITTTIT 7] o« CITTTTTTTT]
< t3T500 —>

<+t 50t —»

< toT 510t > — 1T

Tl 1

Figure 4. A BH Frame.

A beam can provide service to multiple terminal users in
the coverage area. In each beam, multiple terminal users are
assumed to be served by the time division multiple access
approach [12]. In this paper, we focus on the long-term BH
performance at the beam level, and thus, we use beam’s
demand D,, (equivalent to the case of a single user per
beam) to represent the aggregated users’ demands in the n-
th beam. Then, the channel matrix H can be simplified to a
N x N matrix, where the diagonal elements h,, ,, represent
the channel gain from the n-th satellite antenna to the user in
beam n.
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hix - hin
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I

(6)

hni -+ hynw

The delivered data rate of beam n in snapshot g in a time
slot can be expressed as,

TLh/TL n
Ry = Tuot Bfpvs ( P, ) NG

25N \fny Pifin + 02

where fpy p is the rate mapping function according to the
digital video broadcasting through satellite second generation
specifications extensions (DVB-S2X) [12]. Note that beam
power p,, is treated as fixed parameters. This is because that,
in this work, we focus on investigating the performance im-
provement via exploring time-domain flexibility (by BH pat-
tern optimization), thus other aspects, e.g., power/frequency-
domain flexibility, are fixed to facilitate analysis and perfor-
mance benchmarking.

lll. PROBLEM FORMULATION

The considered BH design problem is formulated in PO.
The problem aims at optimizing the performance of offered
capacity to requested demand ratio (OCDR), i.e., the fraction
of the offered capacity (R,,) divided by the requested demand
(D,,) of the worst beam, such that the offered and requested
capacity can achieve a good match among beams, and the
fairness among beams/users can be guaranteed via the max-
min operator.

The optimization task is to determine which snapshots to
be scheduled in a BH cycle, and how many time slots to be
used for each snapshot. The constraint (8b) states that the
total duration for the illuminated snapshots should be equal
to a BH cycle Ty . Constraints (8c) define the offered capacity
for each beam. In (8d), the optimization variables ¢1, ..., tg
are integer, resulting in a mixed integer linear programming
problem (MILP) in PO.

_ Y 71 Ry
PO: maxh{rll})rtl(; (D—17 e D—N) (8a)
st tgTaor = T, (8b)
geg

R :Zt TaotBfpvs Pofin.n vn

= 2 jeN,\(n} Piltjn + 02
(8c)
t1,...,tqg, integer (8d)

Solving PO is difficult in general, in particular for the large-
scale instances. The high computational complexity and long
computing time impose obstacles for real-time BH schedul-
ing. We circumvent this issue by solving PO’s linear relax-
ation problem which is formulated in P1 with non-negative
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continuous variables t1, ..., tg representing the duration of

snapshots 1, ..., G, respectively.
) . Ry Ry
Pl: max min (D—l, e D—N) (9a)
sty tg=Th, (9b)
9€g
R :Zt BfDVB pnhn,n VTL
prer 2 jeN,\(n) Piltjn + 02

(9¢)
t1,...,tg > 0. (9d)

P1 can be equivalently reformulated as P1’ by introducing
an auxiliary variable 7. From P1’, one can observe that P1 is
a Linear Programming (LP) problem.

P1’: max 17 (10a)
t1,...,tg
s.t.(9b), (9¢), (9d) (10b)
&>H,Vn=1,...,N, (10c)

D, —

1.05

——Optimal value in P1] |
—=—Optimal value in PO

075 L L L
0.1 0.01 0.001 0.0001 0.00001

Titot

Figure 5. The reduced optimality gaps between P1 and PO with respect to
Ts10t (in second), 16-beam BH, Ty = 256 ms, average performance over
1000 instances, with the same parameter settings in Section V.

In general, P1 (or P1°) provides an upper bound for PO.
However, the optimal solution of the LP P1 can ultimately
approach to the MILP PO, when the granularity of time
slots improves, e.g., reduce the duration 7;,¢. We show this
fact by an illustrative example in Fig. 5. We remark that,
in ideal cases, OCDR is one which means that the offered
capacity perfectly fits the request. In Fig. 5, the optimal
ratio is larger than one, which means that in average, the
adopted traffic demand among beams maintains at low levels,
and the offered capacity is more than the demanded data,
referring to as a cold-beam scenario. Once T;,¢ 1S small
enough, e.g., Ts1ot = 1 ms (0.001 s), PO and P1 converge to
almost the same optimum points, i.e., with the same objective
value and snapshots. As a matter of fact, the time scale T,
of interest in practical satellite BH is in millisecond levels

5
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which provides a fine granularity of 7Ty, and thus good
approximation performance. Therefore, under the adopted
time scale Ty;,; = 1 ms which is comparable to the DVB-
S2X superframe duration [12], the optimality gap between PO
and P1 can be neglected, and their optimum can be used inter-
changeably. By doing so, the training data in the proposed
L&O algorithm can be generated more efficiently by solving
P1 instead of solving PO.

To optimally solve PO and P1, some standard optimization
methods can be applied, e.g., branch-and-bound (B&B) algo-
rithm for MILP PO, and simplex algorithm (SA) or column
generation (CG) algorithm for LP P1 [21]. The difficulties
come from two aspects. Firstly, the size of candidate snap-
shot set G or number of variables in PO and P1 increase
exponentially with the number of beams, e.g., N snapshots
in G. When larger-scale scenarios are considered, e.g., more
beams, the number of variables in optimization problems PO
and P1 is huge. As a result, the computational complexity
and time are not affordable for practical BH scheduling. Sec-
ondly, even P1 is an LP problem, the inherent combinatorial
explosion remains, i.e., one has to make exponentially many
discrete decisions that whether a beam appears in an optimal
snapshot or not. The computational time increases exponen-
tially with NV in all the three iterative optimization algorithms
(B&B, SA, and CG). The reason is that the searching strategy
in all the three algorithms are conservative because the opti-
mality must be guaranteed. As a consequence, a large amount
of computational efforts are consumed on searching those
non-optimal candidates, though time-consuming but have to
be executed by the algorithm design.

IV. SOLUTION CHARACTERIZATIONS AND THE
PROPOSED ALGORITHM

A. ISSUES IN OPTIMIZATION AND ETEL APPROACHES

The high complexity in optimally solving P1 may moti-
vate the development of low-complexity suboptimal solu-
tions which can provide a timely solution but may with
poor performance, e.g., greedy or round-robin algorithms
[13], whereas adopting sophisticated heuristics to achieve
satisfactory performance would require long computing time
[21]. From the learning aspect, classical ETEL approaches,
may help but typically only be applicable to some limited
instances, e.g., a problem with few variables, non-strict
constraints or without constraints [2]. However, in P1, the
number of optimization variables increases exponentially
with the number of beams. This imposes difficulties to learn-
ing/training, and thus may largely increase the difficulty in
achieving prediction accuracy. Another issue is the solution’s
feasibility since any inaccurate prediction in ETEL may vio-
late some constraints thus leading to infeasible solutions. Be-
ing aware of these shortcomings in optimization and ETEL,
we explore a combined method for BH design, in order to
reap the benefits from optimization and learning.

B. SOLUTION CHARACTERIZATION AND FEATURE TO
BE LEARNED

At the optimum of Pl or P1’, the number of scheduled
snapshots will be no more than number of constraints [21],
[22], i.e., at most /N + 1 scheduled snapshots at the optimum
of PI’. Note that constraint (9¢) and (10c) can be merged
into one constraint by replacing R,, with (9¢). As a result,
the optimized vector [t1,...,%,,...,tc] will be sparse, e.g.,
N + 1 positive elements out of G = 2. Being aware of
this property, we design an aggressive strategy to search the
optimum, in contrast to the conservative strategies in B&B,
SA, and CG. That is, we train a classifier by neural net-
work to identify a small subset of promising snapshots. The
promising snapshots mean that they might not necessarily be
optimal, but with high probability to appear in the optimal
illumination pattern. The benefits of this aggressive strategy
are from two aspects. One is that the optimization process
can be more concentrated on the identified small subset, and
thus accelerates the overall algorithm. The other is that if
the optimality losses in the DL-based prediction, the retained
promising snapshots is still capable of providing a feasible
and near-optimal solution efficiently.

Percentage of n-cardinality snapshots in optimum (%)

1 2 3 4 5 6 7 8 9 0 1 12 13 14 15 16
Number of active beams

Figure 6. The percentage of scheduling n-cardinality snapshot in optimum
(16-beam BH, statistic from the optimal solutions in 10000 realizations, with
the same parameter settings in Section V).

From the optimum of P1’, the max operator in the objec-
tive is prone to illuminate few beams due to resulting less
interference and higher capacity than those large-cardinality
snapshots. We illustrate this fact by Fig. 6, where 16-beam
BH is adopted and statistic from the optimal snapshots in
10000 realizations. From the figure, the most scheduled
snapshots in optimum are concentrated on the snapshots with
cardinality 1 to 6. For example, 3-cardinality snapshots are
scheduled in about 91% of 10000 instances. In contrast, those
large-cardinality snapshots, e.g., 16-cardinality snapshots,
are barely scheduled. Based on this observation, we extract
the following feature, i.e., the number of simultaneously
illuminated beams in optimal snapshots. The feature vector
consists of N binary elements, v = [vy,. ., ON]s
where v,, represents if any of n-cardinality snapshots (n

ey Uny e
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active beams in the snapshot) is scheduled in the optimum
(v, = 1), or none of n-cardinality snapshots is used at all (v,
= 0). For example, in 4-beam BH, if the optimal snapshots
are {{1,2},{1, 3,4}, {2,3}}, the corresponding vector v is
[0,1,1,0] since only 2-cardinality and 3-cardinality snap-
shots are scheduled.

C. THE PROPOSED L&O ALGORITHM

In the proposed L&O algorithm, a training/validation/test set
contains two parts, i.e., input parameters and optimal labels.
The procedure of data generation is illustrated in Fig. 7. We
denote the i-th training/validation/test set as (x;,v;). The
input x; is obtained by the i-th realization in emulators,
consisting of channel matrix H, traffic demand per beam
D1,..., Dy, and power per beam pi,...,py, Where the
beam coverage area and H are generated by an adopted
satellite emulator. Dy, ..., Dy are generated by a recently
developed satellite traffic emulator [23]. Note that DL only
accepts the real-value inputs, thus the original complex value
in H re converted to real values. The optimal labels are
organized as feature vector v; for the i-th realization.

Satellite —|
system
parameters

Satellite

DL model
emulator Channel, beam demand

l -

000
3660
3060
506

Solve P1 or P1’
By SA or CG

Optimal labels
(feature vector [ty..... 1. .., 1w )

Training/validation/test sets

Figure 7. Data generation in training, validation, and testing sets.

A DL model, e.g., fully-connected neural network (FC-
NN), is trained to learn the mapping from the input to
the optimal label. We summarize the procedure of L&O
in Algorithm 1. Taking a test set to the after-trained FC-
NN, the model is able to provide a predicted feature vector
efficiently [24]. From line 3 to 8, a rounding operation is
adopted to convert fractional elements in v to binary, where
« is a control parameter. By design, decreasing « results in
more “1" elements appearing in v. From line 9 to line 11,
we form a subset G* after deleting a large amount of non-
promising snapshots from original set G by scanning all the
“0" elements in v. At the last step, the optimized results
T,...,t¢ can be obtained by optimally solving P1 or P1’
with the small subset G*.

V. NUMERICAL RESULTS

A. EXPERIMENTAL SETUP

To evaluate the performance of the proposed L&O algorithm,
we adopt a real-life multi-beam GEO scenario. The antenna
pattern is provided by ESA in format (latitude, longitude,
gain) [26]. We call this scenario “ESA71” consisting of 71
beams in total [25]. The beam pattern and the coverage area
of ESA7I are illustrated in Fig. 8. We extract 16 beams
out of the ESA 71 beam pattern for the simulations. For
traffic-demand generation, we adopt a recently developed
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Algorithm 1 L&O for BH Scheduling

1: Generate (x;,v;), i = 1,..., I and train a DL model
2: Take a test set to DL and obtain a predicted vector v
3 M= 25:1 vn/N, v, €V

4. forn=1,...,Ndo

5. ifwv, ¢ {0,1} and v,, > oM, then

6: vy =1

7. else

8: vy, =0

9: forn=1,...,N do

10.  if v, = 0 then

11 G*2G"\{ge g :|Ny| =n}

12: G < G*inPl or PI”

13: Solve P1 or P1’ with G* to obtain ¢7, ...t

Latitude [Deg]

5 -10 & o 5 10
Longitude [Deg]

Figure 8. Adopted 16 beams from the ESA71 Beam pattern [25].

traffic emulator [23]. The traffic emulator models the traf-
fic demand distribution over Europe by processing credible
datasets included three major input categories of informa-
tion: Population distribution for broadband Fixed Satellite
Services (FSS), aeronautical satellite communications, and
vessel distribution for maritime services. This traffic emula-
tor combines these three dimensional information to extract
the time domain characteristics of the geographical traffic
patterns, and obtain an accurate traffic model over 24 hour
time-span.

In terms of training, we firstly perform tests for evaluat-
ing several hyper-parameters, e.g., number of hidden layers,
neurons per layer, batch size, epochs, activation functions,
optimizer, and learning rate, such that the selected parame-
ters are able to lead to overall satisfactory performance for
the considered optimization problem. The parameters of the
satellite scenario and the adopted FC-NN are summarized in
Table 2.
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Table 2. Parameter Settings

Satellite System Parameters | Value

Satellite longitude 139 (GEO)

Satellite height 35,786 km

Number of beams 16

Carrier frequency 19.5 GHz

Bandwidth per beam 500 MHz

Boltzmann constant -228.6 dABW/K/Hz
Receiver noise temperature 2353 K

Transmit power per beam 20 dBW

Receive antenna gain 40.7 dBi

Feed radiation pattern [26]

Roll-off factor 0.2

BH cycle Ty 256 ms

Tsiot 1 ms

FC-NN Parameters Value

Number of hidden layers 3

Nodes per hidden layer 200

Nodes at output layer N =16

Activation function Relu, Sigmoid
Optimizer Adam, RMSprop [24]
Loss function Mean Squared Error (MSE)
Size of training sets 18000

Size of test sets 2000

Batch size 128

Number of epochs 450

L&O implementation Python + TensorFlow
B&B, SA, and CG Python + Gurobi

B. PERFORMANCE COMPARISON AMONG L&O, ETEL,
SUBOPTIMAL, AND OPTIMAL ALGORITHMS

We demonstrate the performance gain of L&O over con-
ventional optimization algorithms and ETEL, in terms of
computational time and approximating optimality. Firstly, in
Fig. 9, we compare the computational time (in seconds) of
L&O (executing lines 2 to 13 in Algorithm 1) with other four
benchmaking algorithms, i.e., the optimal B&B algorithm for
solving the integer problem PO, the optimal SA and CG algo-
rithms for solving the LP problem P1, a low-complexity sub-
optimal approach used in [27], and the conventional ETEL
learning approach. To implement the approach in [27], two
beams who have received the least interference are activated
simultaneously, and the time allocation among illumination
patterns is proportional to their traffic demand.

—~—B&B for PO
—=—SA for P1
10°F |-~ CGforP1
——L80 for P1
~Subopt. Alg. [27] for P1
——ETEL for P1

Computation time (s)
5

I I
10 15 20 25
Number of beams

102

Figure 9. Computational time comparison among optimal, suboptimal, ETEL,
and L&O algorithms

Each value in Fig. 9 is averaged by 1000 test sets. The time

is recorded from giving a new test set to the algorithms until
they return the optimized results. The time consumption in
B&B, SA, and CG exponentially increases with the number
of beams, whereas the other three algorithms increase mod-
erately. The average computational time in L&O is slightly
higher than ETEL and the heuristic approach in [27], but
has reduced to within one second, and is insensitive to the
problem’s scale. The reason is that NN is computationally
light [24] by its nature, thus ETEL yields the minimum com-
putational time. The heuristic approach in [27] adopts simple
design to guarantee its computational efficiency in resource
management, thus is more efficient than L&O. The FC-NN
in L&O takes advantages from efficient learning. We remark
that the majority of computational time in L&O is consumed
at solving the restricted problem. However, by using the pre-
dicted results from FC-NN, we keep the restricted set small to
enable a much more efficient solution than B&B, SA, and CG
with the original set. For example, the restricted set in L&O
only contains hundreds of variables/snapshots (promising to
be optimal) in average. In comparison, the original set in
B&B, SA, CG has 2'6 variables to be optimized thus is
time consuming. Combining with the demonstrated OCDR
value in Fig. 10, L&O can achieve better trade-off than other
algorithms. That is, when the FC-NN in L&O is sufficiently
trained, L&O is near-optimal, 5% lower than the optimum
but it saves numerous computational time, e.g., see OCDR
at 9000 training data sets and time in Fig. 9. On the other
hand, L&O consumes slightly more time than the heuristic
approach in [27], but brings significant performance gain in
improving OCDR.

o
Sosl ,
o
05 T
L ~€-Optimal Alg.
04 &0
== Subopt. Alg. in [27]
03r T
02 L I I I I I I I I
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Size of training data

Figure 10. OCDR performance comparison among optimal, suboptimal, and
L&O algorithms.

Next, Fig. 11 shows the performance of L&O in approxi-
mating optimality, which can be used to explain the achieved
near-optimality of L&O. The metric “accuracy” presents the
ratio of how many elements in the predicted feature vector
v consistent with the optimum. For example, “0.8” means
that in average 80% predicted elements in vy,...,vx hit
the optimum. In general, high ratio leads to near-optimal
performance. From the results, the average accuracy ratio
maintains around 95% when the training sets are sufficient.
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This also implies that the designed feature is appropriate and
learnable, also referring to the reason explained in Fig. 6.
Benefiting by this high accuracy, the OCDR values between
L&O and the optimum are close.

09 T

0.85[ T

Accuracy on testing set

0.75 I I I I I I I I I
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Size of training data

Figure 11. The ratio of hitting optimality with respect to training set size
(activation function: Rectified Linear Unit (ReLU), optimizer: Adaptive Moment
Estimation (Adam)).

In contrast, we use an illustrative example in Fig. 12 to
show the performance of ETEL. The same FC-NN is adopted
except that it learns then outputs predicted ¢4, . . . , ¢ instead
of v1,...,vx. The optimal OCDR and ETEL are compared
and demonstrated in 500 test sets. From the results, the
solutions derived by ETEL are infeasible in almost all the
instances due to the imperfect prediction in FC-NN and the
resulting constraint violations. In addition, the optimality
gaps are considerably large, merely achieving less than 50%
of the optimal OCDR in average. This is because the large
amount of nodes in the output layer introduces more difficul-
ties for the learning task. When more hidden layers and more
training data sets are adopted, the performance improvement
of ETEL is marginal. Therefore, an appropriate learning
feature is critical for the overall performance. Applying DL to
directly predict variables 1, ..., g, though straightforward,
but may not be a wise choice for the BH scheduling problem.
The results also confirm the necessity of designing learnable
features.

C. PERFORMANCE OF FC-NN IN L&O

The FC-NN lies in the core component of L&O which sig-
nificantly influences the overall L&O performance. Next, we
thoroughly evaluate the FC-NN performance under various
hyper-parameters, in terms of accuracy and loss.

1) Performance with Respect to «

In Fig. 13, we show that the accuracy performance of FC-
NN and the computational time of L&O can be scaled by
the control parameter «. In general, smaller o rounds more
fractional elements to “1” for the predicted vector v. On
the one hand, this can retain more snapshots/variables in the
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— ETEL
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Figure 12. Performance of ETEL (training set size 10000, 5 hidden layers,
activation function: ReLU, optimizer: Adam).

restricted set. The scale of subset G* grows due to more “1”
elements in v. Thus, the complexity of L&O will increase
correspondingly, referring to the computational time in Fig.
13 with respect to . On the other hand, larger subset G* can
accommodate more promising snapshots thus achieves better
performance than smaller G*. In contrast, higher threshold
excludes more snapshots out of the restricted set. Then fewer
variables typically leads to lower complexity but it also
brings larger optimality loss since some optimal candidates
might be wrongly filtered. In practice, scaling o can be used
as an effective and simple way to trade off the near optimality
and complexity.

049s042s 040s
0.95 0.37s 4
0.34s

091

Accuracy on testing set

0.8

0.14s
L

2 22 24 26 28 3 3.2 3.4 3.6 3.8 4
@

Figure 13. Predict accuracy and computational time with respect to
parameter « (activation function: ReLU, optimizer: Adam).

2) Performance with Respect to Hidden Layers

In Fig. 14, we investigate the accuracy performance with
respect to number of hidden layers. By adopting ReLU and
Sigmoid as the activation function, the accuracy in Sigmoid
instances achieves the best at 2 hidden layers. More hidden
layers may not necessarily lead to better performance when
the size of the used training sets remains, e.g., see the
performance degeneration for more than 8 hidden layers. In

9
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ReLU, the best accuracy achieves at the 4-layer cases. When
more hidden layers are adopted in FC-NN, the performance
maintains but the improvement becomes marginal.

1 T T T T T
0.95[ / 7
/
/
L. 09F ,/ ]
/
i
0.85[ / b
/
/
0.8 b
7 ——Sigmoid
—Relu
0.75 L
1 2 3 4 5 6 7 8 9 10 11 12

Number of hidden layers

Figure 14. Predict accuracy with respect to number of hidden layers
(optimizer: Adam).

3) Performance with Respect to Neurons Per Layer

In Fig. 15, we investigate the accuracy performance with
respect to number of neurons per hidden layer. By adopting
ReLU (the performance behavior of Sigmoid is consistent
with the performance of ReLU) and Adam, the accuracy
improvement is considerable from 5-nodes to 100-nodes per
layer. When more nodes are introduced to each hidden layer,
the accuracy improvement becomes marginal.

0.985 -
0.98 -
0.975 -

0.97 J‘ T

Accuracy

0.965 -

0.96 [

0.955

0.95

© re—o—

I I I
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Number of nodes per layer

0.945

Figure 15. Predict accuracy with respect to number of neurons per layer
(optimizer: Adam, activation function: ReLU, 3 hidden layers).

4) Impact of Optimizer and Activation Function on Loss

Convergence

Next, we investigate an important performance metric, con-
vergence of the loss value. In FC-NN training, we essentially
minimize a loss function (or referred to as simply loss).

10

The goal is to find a set of weight values such that the
loss is minimized. The loss value provides a measure for
the performance of FC-NN training on a given data set. In
Fig. 16, we evaluate the combinations of the two widely
used DL optimizer, Adam and Root Mean Square Propaga-
tion (RMSprop), with two activation functions, ReLU and
Sigmoid, in training and test sets. The convergence of the
loss value is related to the choice of the activation function
[24]. In Fig. 16(a) and Fig. 16(b), ReLU is adopted the
activation function in FC-NN, then in Fig. 16(c) and Fig.
16(d), we further investigate Sigmoid in training and test sets.
In general, by adopting Adam or RMSprop, and ReLU or
Sigmoid, the FC-NN training is successful. The performance
of Sigmoid is slightly better than ReLU in terms of the lower
loss. The combination of RMSprop and ReLLU has the highest
efficiency in reducing loss, see the sharp drop before 10%
iterations. The performance in training sets is consistent with
the test sets, which means no over-fitting or under-fitting

effect on the data sets.

“ADAM
—— RMSprop

Loss in training set
Loss in testing set
o

lterations %10% lterations x10*

(b) FC-NN with ReLU

(a) FC-NN with ReLU

Loss in training set
S g § g
5l S R 8
Loss in testing set

°

°

°

Iterations x10*

(d) FC-NN with Sigmoid

Iterations x10*

(c) FC-NN with Sigmoid

Figure 16. Convergence of loss value in training and testing sets, using
activation function ReLU in (a), (b), and Sigmoid in (c), (d).

5) Impact of Optimizer and Activation Function on Accuracy

In terms of the accuracy in FC-NN, we evaluate the per-
formance impact by adopting Adam, RMSprop, ReL.U, and
Sigmoid. The results on test sets are shown in Fig. 17.
After sufficient training, the predict accuracy is high in both
figures. Around 95% of the elements in the predicted v
are as same as the optimal solution. From the results, the
combinations RMSProp-ReLU or Adam-Sigmoid achieve
better performance than Adam-ReLU or RMSProp-Sigmoid,

respectively.

6) Impact of Learning Rate on Loss and Accuracy
Next, we evaluate the impact of learning rate on the per-
formance of loss and prediction accuracy. Learning rate (or
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Figure 17. Predict accuracy in FC-NN test sets, using ReLU in (a) and
Sigmoid in (b).

referred to as the step size) is a hyper-parameter in FC-NN
training that controls how much the weights are adjusted
with respect the loss gradient, often ranging between 0.0 and
1.0. Selecting the learning rate is challenging in training FC-
NN. It is considered as one of the most important hyper-
parameters for the DL model. If the learning rate is too large,
it may result in learning a sub-optimal set of weights too fast
or an unstable training process, whereas the small learning
rate may lead to long training process. From Fig.18, the
learning rate should be carefully selected in order to achieve
better performance. From the results, the learning rate 0.001
yields the best performance in both figures. The performance
is degraded when either large or small learning rates are
adopted.

VI. CONCLUSION

In this paper, we have investigated the problem of efficient
BH illumination pattern design. The proposed L&O algo-
rithm has combined the benefits of learning techniques and
optimization approaches. For applying learning techniques to
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Figure 18. (a) Training loss evolution and (b) Accuracy evolution on test sets
with respect to learning rates (ReLU and Adam).

solve the problem, we have showed that it is of importance to
learn the proper features in order to come up with a good
prediction. Numerical results have showed that FC-NN can
be used to limit the search space of optimization problems,
and therefore speed-up the process of obtaining feasible,
efficient, and near-optimal solutions. In this way, the efficient
computations of FC-NN is combined with the high-quality
and feasible solution of the optimization approach.
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