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Abstract—In parallel channels, it is well known that the
waterfilling is optimal power allocation that maximizes the
sum achievable rate. However, the waterfilling requires iterative
calculations, so may not be suitable especially when the number
of total channels is very large or the delay constraint is very tight.
In this paper, we propose machine learning-based power loading
to reduce the computational complexity of power allocation
in massive Gaussian parallel channels, which emulates on-off
power allocation, where some of the channels equally share total
transmit power. Our proposed scheme adopts a deep neural
network structure that takes channel gains with total transmit
power and returns an on-off power allocation strategy. The
numerical results show that our proposed scheme achieves almost
the same performance with the on-off power allocation with
reduced complexity.

Index Terms—Machine learning (ML), waterfilling, on-off
power allocation, parallel channels, deep neural network (DNN).

I. INTRODUCTION

With the development of machine learning technology, there
have been many attempts to use machine learning for wireless
communications. Machine learning can be applied for many
purposes; one purpose is to solve difficult problems such
as joint optimization, and another purpose is to reduce the
computational complexity when the optimal solution can be
found, but its complexity is prohibitive. One popular machine
learning technology is deep neural network (DNN), which
accelerated the development of machine learning in many
research areas [1].

In parallel channels, it is well known that the optimal
power allocation is waterfilling. However, the waterfilling
iteratively finds optimal powers, so may not be suitable when
the number of total subchannels is very large or the delay
constraint is very tight. One suboptimal power allocation with
reduced complexity is on-off power configuration [2], where
some of channels (“on” channels) equally share total power
budget, while the others (“off” channels) are turned off. Also,
the authors of [3] proposed multi-level power loading that
generalizes on-off power configuration. However, these power
allocation schemes still requires high complexity when the
number of total channels are very large. The authors of [4]
proposed the waterfilling with reduced complexity, where the
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Fig. 1. System model.

waterfilling is over the subchannel groups, and subchannels in
the same group use the equal power.

In this paper, we propose machine learning-based power
loading to reduce the computational complexity of power
allocation in massive Gaussian parallel channels. Our proposed
scheme adopts a deep neural network (DNN) and emulates
on-off power allocation. Thus, once trained in offline, our
proposed scheme (with the DNN structure) can find power
loading sequences after finite clocks. We evaluate our proposed
scheme and show that our proposed scheme achieves almost
the same performance with the on-off power allocation with
reduced complexity.

II. PROBLEM FORMULATION
A. System Model

Our system model is illustrated in Fig.1. We consider
a K-parallel Gaussian channel when the number of total
subchannels (i.e., K) is very large. The received signal at the
kth subchannel is modeled by

Yk = hi/Drsk + g, ke {l,... K}, (1)

where h;, € C'X! is the channel at the kth subchannel,
which is a circularly symmetric complex Gaussian random
variables with zero mean and unit variance,i.e.,h; ~ CN (0,1).
In this paper, without loss of generality, we assume that the
subchannel gains are sorted in descending order such that

|hi]? > ... > |hi|?. (2)

The variable s € C1*! is the kth transmit symbol such that
|sk|?> = 1, and py, is the transmit power for the kth symbol.
Also, ny is a complex Gaussian noise with zero mean and
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unit variance, i.e., ny ~ CA(0,1). When total transmit power
budget is P, it should be satisfied that

K
> =P 3)
k=1
The achievable rate at the kth subchannel is
Ry, =log, (1 + pelhel?) . 4)

so the sum achievable rate becomes Zszl Ri.

B. Waterfilling power allocation and on-off power configura-
tion
In parallel Gaussian channels, it is well known that the

waterfilling is optimal power allocation for sum rate max-
imization. With the waterfilling, the optimal power for the
subchannel £ is given by

+
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where 1 is a constant satisfying the total power constraint

given in (3).

Although the waterfilling power allocation given in (5)
maximizes the sum achievable rate, the value of p should
be calculated with an iterative manner, so the computational
complexity becomes huge burden when the number of total
subchannels (i.e., K) is very large or the delay constraint is
very tight.

One suboptimal power allocation is on-off configuration [2],
where only some of subchannels (“on” subchannels) equally
share total power budget, while the others (“off” subchan-
nels) are turned off. In this case, power allocation sequence
(p1,-..,pK) is one among K power allocation sequences
given by

{([(P/n], 0lk-0) [ n =1, K, ©)

where [m],, denotes the sequence of consecutive ‘m’s repeated
n times. For example, the power allocation ([P],[0]x—1)
indicates the total power allocation to the first subchannel,
ie., ([Pl1,[0]x-1) = (P,0,...,0), while ([P/N]n,|[0]o)
indicates equal power allocation over all subchannels, i.e.,
([P/K]x.[00) = (P/K,..., P/K).

When n(< K) subchannels shares total powers, the achiev-
able rate with on-off configuration, the achievable rate is given
by

n-off - P
R = Yooss (14 7). )

Thus, for the optimal on-off configuration, the transmitter need
to compare total K power allocation sequences given in (6).
The transmitter first solve the following problem

argmax ROMM(p), (8
ne{l,....K}

n* =

and then obtain the optimal power allocation sequence as
follows:

([P/n*],., (0] —n).- ©9)
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Fig. 2. Deep neural network (DNN) model for on-off power allocation.

III. PROPOSED MACHINE LEARNING-BASED POWER
LOADING

In this section, we explain our machine learning-based
power loading scheme.

A. Basic idea

As we stated earlier, when waterfilling may not be suitable
when the number of total subchannels is very large or the
delay constraint is very tight. Although the suboptimal on-off
configuration reduces the computational complexity of water-
filling, but still requires high complexity when the number
of total subchannels are very large. Thus, to circumvent this
complexity issue, we consider machine learning-based power
loading that emulates the on-off power allocation (i.e., solves
the problem in (8)). Note that once trained in offline, a DNN
structure can yield a solution after finite clocks.

B. Structure of our proposed machine learning-based power
loading

Fig. 2 shows the structure of our machine learning model.
We consider a deep neural network (DNN) structure that takes
the channel gains of K subchannels (i.e., |hi]?,...,|hK|?)
with total power budget (i.e., P) and returns the optimal
number of turned-on subchannels (i.e., n* in (8)). Thus, our
machine learning structure has K + 1 nodes in the input layer
and K nodes in the output layer. Also, we consider L hidden
layers, each of which is comprise of N nodes.

For activation functions, we employ the Rectified linear unit
(ReLU) function and the Softmax function at each hidden node
and each output node, respectively. Also, we consider the cross
entropy for the loss function, which is widely used for weight
correction in machine learning models defined as follows:

S
e= *Zli log, 0; + (1 — 1;) logy (1 — o), (10)
i=1

where [; is the 4th label. Since only one of the s data
labels is the correct answer, only the correct label has the
value of one, and the rest ones have the value of zero. In
(10), o; is the ¢ output data of the i output node. Also,
for optimization, we employ the adaptive momentum (AdaM)
algorithm. Overfitting may occur if the initial learning rate
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Fig. 3. The achievable sum rates of various schemes when K = 32.

is low, so the initial learning rate is set to 0.001. To prevent
overfitting, we employed an early stop method, where training
is stop when the loss value is not decreasing more than
consecutive 20 times.

IV. NUMERICAL RESULTS

In this section, we evaluate our machine learning model.
We assume that there are total 32 subchannels (i.e., K = 32).
Thus, our machine learning model has 33 input nodes at the
input layer and 32 output nodes at the output layer. Also, our
machine learning model has five hidden layers, each of which
has 600 nodes.

For evaluation, we vary the number of data samples when
training our machine learning model. We consider four cases
of (1,3,5,10) x 10* data samples and for each case, 80% of
data samples is used for training and the remaining 20% is
used for validation. Then, we measure the performances of
the machine learning models with the same 5000 test data
samples. As reference schemes, we consider the waterfilling
power allocation, the on-off configuration, equal power allo-
cation, and unicast to the best subchannel (i.e., whole power
to the best subchannel).

Fig. 3 shows the achievable sum rates of various schemes,
while Fig. 4 shows the normalized ones with the waterfilling.
As we can see in Fig. 4, on-off power allocation achieves about
or more than 98% performance compared to the waterfilling.
Also, our proposed machine learning models achieve almost
the same performance with on-off power allocation.

Fig.5 shows how accurate our machine learning models
emulate the on-off power allocation. As we can see, the
accuracy tends to increases as the number of sample data
increases in four cases.

V. CONCLUSION

In this paper, we proposed machine learning-based power
loading to reduce the computational complexity of power
allocation in massive Gaussian parallel channels, where the
waterfilling may not be suitable because the number of total
subchannels is very large or the delay constraint is very
tight. Our proposed scheme emulates on-off power allocation,
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Fig. 4. The achievable sum rates of various schemes normalized with the
achievable sum rate of the on-off configuration when K = 32.
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Fig. 5. The accuracy of our machine learning model when emulating the
optimal on-off configuration.

where some of subchannels equally share total transmit power.
In numerical results, we showed that our proposed machine
learning structure achieves almost the same performance with
the on-off power allocation with reduced complexity.

ACKNOWLEDGMENT

This work was supported by the National Research Foun-
dation of Korea(NRF) grant funded by the Korea govern-
ment(MSIT) (No. NRF-2021R1H1A1010858) and by Hankuk
University of Foreign Studies Research Fund of 2021.

REFERENCES

[1] J. Kaur, M. A. Khan, M. Iftikhar, M. Imran, and Q. E. U. Haq, “Machine
learning techniques for 5G and beyond,” IEEE Access, vol. 9, pp. 23472—
23488, 2021.

[2] A. Leke and J. M. Cioffi, “A maximum rate loading algorithm for
discrete multitone modulation systems,” in Proc. 1997 IEEE Global
Telecommunications Conf., vol. 3, pp. 1514-1518.

[3] J. H. Lee and W. Choi, “Multi-level power loading using limited
feedback,” IEEE Commun. Lett., vol. 16, no. 12, pp. 2024-2027, Dec.
2012.

[4] Q. Qi, A. Minturn, and Y. Yang, “An efficient water-filling algorithm
for power allocation in OFDM-based cognitive radio systems,” in Proc.
2012 International Conference on Systems and Informatics, pp. 2069—
2073.

170





