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Abstract. Network slicing has emerged as a key enabler to address
the diverse requirements of the fast-growing Internet of Things (IoT),
such as enhanced Mobile Broad Band (eMBB) and massive Machine
Type Communication (mMTC). However, the dynamic nature of service
requirements propels challenges for resource allocation of network slic-
ing. This paper proposes a bandwidth allocation method serving eMBB
and mMTC slices with the aid of deep learning-based traffic prediction.
The problem is formulated as maximizing the number of users served
by the mMTC slice while satisfying the rate requirement of users served
by the eMBB slice. We adopt traffic prediction by deep learning meth-
ods (i.e., ConvLSTM and GRU) to facilitate dynamic allocation of the
bandwidth resource, which can be obtained by solving the integer pro-
gramming problem. Numerical results show that the proposed algorithm
outperforms the traditional method in terms of the average number of
served mMTC users.
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1 Introduction

The fast-growing Internet of Things (IoT) leads to various scenarios and appli-
cations with increasingly multifarious service requirements [1], such as massive
Machine Type Communication (mMTC) with the massive access requirements
(e.g., smart cities, intelligent transportation) and enhanced Mobile Broad Band
(eMBB) with the high data rate requirement (e.g., immersive games, Augmented
Reality) [2]. This brings challenges to serve diverse service requirements under
a shared physical infrastructure. Therefore IoT needs to be sliced and tailored
to form logically virtual networks, and thus network slicing emerges [3].
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There has been a lot of research in the field of network slicing. The algorithm
UFLOP is proposed to minimize the “over-provisioning rate” by adjusting capac-
ity and traffic allocation with satisfying the latency constraints of users and the
service level agreement of the tenant [5]. Alsenwi proposes an algorithm based on
deep reinforcement learning to maximize the eMBB data rate under the reliabil-
ity constraints of ultra-reliable low-latency communication [6]. However, existing
researches often reserve resources to prevent busty high data transmission and
thereby fail to satisfy on-demand and dynamic resource allocation.

Traffic prediction algorithms can support real-time, on-demand resource allo-
cation [4]. Graves first proposed Long-Short Term Memory (LSTM) which is
based on Recurrent Neural Network (RNN), to solve problems such as gradients
in long-term memory and backpropagation [7]. The LSTM algorithm performs
well on temporal correlation, but it introduces redundancy when dealing with
spatial data due to the strong local characteristics of spatial data [8]. To solve
this problem, Shi et al. proposed the Convolutional LSTM (ConvLSTM) algo-
rithm and experimentally proved that ConvLSTM outperforms LSTM in spatial
and temporal data processing [9]. Additionally, Ramakrishnan et al. [10] used
RNN, LSTM, and Gate Recurrent Unit (GRU) models to predict traffic infor-
mation, demonstrated that GRU models perform better than RNN and LSTM
predictors. While these traffic prediction algorithms are well researched, they are
not yet effectively combined with the implementation of real-time on-demand
allocation of network resources.

In this paper, we propose a bandwidth allocation algorithm for eMBB and
mMTC slices based on Al-aided traffic prediction. The contributions of this
paper are summarized as follows. Firstly, we jointly consider service requirements
of eMBB slices and mMTC slices, and the problem is formulated as maximizing
the number of mMTC users under the eMBB data rate constraint. Then, to
dynamically allocate resources, we use the Al-aided traffic prediction to forecast
the real-time rate requirement of the served eMBB users and take the prediction
result as the boundary to reserve resources, thereby achieving better performance
than traditional resource reservation methods.

The rest of this manuscript is organized as follows. Section 2 introduces the
system model and the problem formulation. Section3 discusses our proposed
algorithm. In Sect.4, we present simulation results. Finally, we conclude our
discussions in Sect. 5.

2 System Model and Problem Formulation

We consider the uplink transmission of a single cell consisting of one base sta-
tion(BS) serving an eMBB slice with E users and an mMTC slice with M users,
as shown in Fig. 1. The BS and each user are equipped with a single antenna.
The uplink channel is shared by all users and is divided into N subchannels with
bandwith f, so the total amount of uplink bandwidth is F' = fx N. Let X.,, =1
indicate that the subchannel n is allocated to eMBB user e, and X, = 0, oth-
erwise. Similarly, X;,, = 1 denotes that the nth subchannel is allocated to



Bandwidth Allocation for eMBB and Mmtc Slices 119

D X(« »)) D [;I eMBB Slice

eMBB user eMBB user
@ i @ e gg mMTC Slice
BS mMTC user mMTC user mMTC user

Fig. 1. System model

the mth mMTC user, and X,, ,, = 0, otherwise. Because mMTC services often
require massive access with a low data rate, we assume that one subchannel is
enough for the data rate requirement of mMTC users. Therefore, the number of
mMTC users U served by the mMTC slice is given as follows

M N

The transmit power of eMBB user e is set to P., so the uplink rate of eMBB
user e is given by

Pe|he,n|2'l96,n
o%f ’

where he, ~ CN(0,1) and 9., denote Rayleigh fading coefficient and the path
loss between the BS and eMBB user e on subchannel n, respectively. o2 presents
the noise power spectral density.

In this paper, we focus on maximizing the number of users served by the
mMTC slice with satisfying the rate requirement of eMBB users. Denote Ry, (t)
as the rate requirement in time slot ¢. The optimal problem can be formulated
as follows

N
Re=> Xcnflog (1 + (2)

M N
xomeE %:%:Xm,n(t)
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3)

The constraint C'1 stands for the rate requirements constraints of eMBB users.
C2 means that subchannel n can be allocated to only one user. C3 indicates
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that the number of subchannels allocated cannot exceed the total amount N, and
C4 means that X, , and X,, ,, are Boolean variables.

The problem (3) is a zero-one programming problem and can be solved
directly by the CVX toolbox [12,13]. However, since the transmission rate of each
time slot of eMBB users is unknown, traditional methods will reserve enough
bandwidth resources for eMBB users to fulfill busty high data rate requirements,
leading to low spectral efficiency and thereby serving fewer mMTC users. To deal
with this problem, we will introduce a traffic prediction-based algorithm in the
next section.

3 Traffic Prediction Based Bandwidth Allocation
Algorithm

Ryeq(t)

Optimization Optimize resource
— P P

Algorithm allocation

Prediction Algorithm

Fig. 2. Traffic Prediction based Bandwidth Allocation Algorithm.

In this section, we first predict the real-time rate of eMBB users based on
ConvLSTM and GRU. After obtaining the result, we take it as the boundary of
the constraint C'1 in (3), to dynamically allocate resources, as shown in Fig. 2.
Next, we first introduce two deep learning-aided traffic prediction algorithms
and then use the prediction results to solve the optimization problem.

3.1 Al-Aided Traffic Predication

ConvLSTM Based Traffic Prediction. In order to improve the accuracy of
the prediction, we need to normalize the rate Rf of the eMBB user e and turn
it into a scalar 7, and the expression is given as follows

e Rf _min(Rtlgf" vR%)

- t=1.--..T 4
Ty max(RS$,- -+, RS) — min(RY, -+ , RS) yrr 4 (4)

where T is the total time. Then we take the processed data r¢ as the input which
flows to the ConvLSTM layer. The ConvLSTM units use the forget gate, input
gate, and output gate to update their cell and hidden states. The forget gate
decides how much of the cell state information at the previous time step is to be
discarded, and the output of the forget gate is given as follows

fr =Wy [Ce1, he—1,7(] + by), (5)



Bandwidth Allocation for eMBB and Mmtc Slices 121

where * denotes the convolution operation and Wy represents the parameter
matrix. C;_; and h;_; is the last moment information and by is the bias of every
neuron. o(-) represents the sigmoid activation function, i.e., o(z) = 1/(1+e™%).
The input gate is used to control the addition of new information, which is
given as follows
i = O’(VVz * [Ct—l, ht_l,Tﬂ + bl) (6)
Based on the previous memory cell state Cy;_; and the forget state f; , the
cell state information updates with the formula

Ci = fr 0 Cyq + tanh(We * [he—1,7¢] + be), (7)

where tanh is the hyperbolic tangent function and o is the Hadamard product.
The output gate filters the information achieved by the updated cell state,
and the mathematical expression is given as follows

0t = oWy * [Cr1,ht—1,7¢] + bo). (8)
The hidden state is defined as follows
hy = o4 o tanh(Cy). (9)

To alleviate overfitting problems, we add a dropout layer behind the first
ConvLSTM layer. Then we reduce the dimension of the output of the dropout
layer through flatten function. Finally, we take the output as the input of the next
LSTM layer which replaces the convolution operation with matrix multiplication
in ConvLSTM.

GRU Based Traffic Prediction. GRU has two gates, namely, the update gate
and the reset gate. The update gate determines what information to forget and
what new information needs to be added, while the reset gate is used to control
how much of the previous information is forgotten. After achieving processed
data r§ through the formula (4), the update gate z; is given as follows

zt = o(W, X [he—1, 7] +b2), (10)
and the reset gate s; is formulated as
st = o(Ws X [hi—1, 7] + bs). (11)

Based on the update gate z; and the reset gate s;, the hidden state is updated
and the formula is given as

hy = tanh(Wy, X [s¢  hy_q,7]), (12)

ht = (1_Zt)oht—1+zt*}it- (13)
We use the mean square error (MSE) to evaluate the performance of ConvL-
STM and GRU prediction algorithms, which is given as follows

T
1 ~
MSE = 7 § (re —rf)?, (14)
t

where 7¢ is the predicted result of rf.
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3.2 Prediction Based Optimized Algorithm

After the prediction of the above traffic prediction algorithms, we can obtain
the predicted scalar r¢ and scale it into the real-time rate requirements Rﬁeq(t)
of eMBB users. However, since the results obtained by the prediction algorithm
may not exactly match the actual requirements, especially in the case of high
data transmission rate bursting (see Fig.3. in Sect.4), a correction factor 7 is
added to prevent dissatisfying the eMBB data rate requirement Ry, (t). 7 is
the median number of the difference between prediction and actual value when
the prediction value is less than the actual value. Therefore, the optimization

problem can be formulated as
M N
max Xon(t
B 22!

st Cl:R(t) > RS, (t) +1
c2, C3, C4

(15)

The new problem is similar to the original one, and can be solved with ease.

4 Numerical Results

We consider a circular network having a radius r = 500 m. The BS is located at
the center of the network area. F = 4 eMBB users and M = 20 mMTC users
are uniformly distributed around it. The path loss is computed by ¥(dB) =
32.6 + 36.7l0og10(d) [14], where d(in km) represents the distance between eMBB
users and BS and is generated randomly within 500 m. The bandwidth of the
subchannel f is 30kHz and the number of subchannels N is 24. The transmit
power P, of each user is set to be 1W, and 02 = —174dBm/Hz [15]. For rate
prediction, 4 sets of periodic oscillation signals of eMBB users are taken as the
input of the prediction algorithm. We adopt the MSE loss function and the
Adam optimizer whose initial learning rate is 0.0001. The window size of both
ConvLSTM and GRU equals to 24. The model is trained in batch mode, and
the batch size is 32. The training set and testing set contain 70% and 30% of
the total dataset, respectively.

Figure 3 shows the prediction results obtained by ConvLSTM and GRU algo-
rithms for each eMBB user. Except for some particularly high data transmis-
sion rates required, ConvLSTM and GRU algorithms both profoundly capture
the dynamic fluctuations of the oscillating signal, and from Fig.3 (e) we find
that ConvLSTM outperforms GRU, because ConvLSTM introduces convolution
operations and has a better grasp of the data features than GRU, e.g., for eMBB
user 2, the MSE of ConvLSTM achieves 0.78, 25.7% lower than that of GRU.

We compared the performance of the proposed algorithm with the tradi-
tional method which adopts the way of reserving resources to prevent bursty
rate requirements of eMBB users. The perfect prediction knows the rate require-
ments of eMBB users and is considered as a reference standard. To facilitate
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Fig. 3. Prediction results

the analysis of the optimal results, we average the optimized number of served
mMTC users over a period T', which is formulated as follows

U:

]l

1 T
> U,

(16)

where U (t) represents the number of served mMTC users at time slot ¢ through
the optimized algorithm. Let Uy, denote the average optimized result of Con-
vLSTM based optimization algorithm, and Uy, denotes the counterpart of

GRU.
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Fig. 5. Transmission power versurs the number of served mMTC users.

Figure4 shows the trend of the average number of served mMTC users U
with different subchannel bandwidths f € {30, 40, 50, 60, 70} kHz. We find that
both U .ony and Ugm are ascended as the subchannel bandwidth increases. When
the subchannel bandwidth f = 50 kHz, the number of served mMTC users based
on ConvLSTM and GRU prediction algorithm increases by 8.3% and 6.9% com-
pared to the traditional method respectively. The number of served mMTC users
is almost equal to the result based on perfect prediction when f = 70 kHz.

Figure5 shows the average number of served mMTC users U with different
values of transmission power P. € {0.2,0.4,0.6,0.8, 1} of eMBB users. We find
that the proposed algorithms outperform the traditional method in terms of the
number of served mMTC users. The algorithm we proposed exhibits an average
increase of 18.87%, with a maximum increase of 19.92%.

5 Conclusions

Network slicing technology promotes the diverse requirements of the fast-growing
IoT, such as eMBB and mMTC. However, the traditional resource reserva-
tion method of network slicing cannot satisfy the dynamic nature of business
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demands. In this paper, we propose a bandwidth allocation algorithm based on
deep learning traffic prediction for eMBB and mMTC slices. Firstly, we maximize
the number of served mMTC users with the traditional method. Then, based
on the result of the traffic prediction algorithm (i.e., ConvLSTM and GRU),
we dynamically allocate bandwidth resources to eMBB and mMTC users by
solving an integer programming problem. Finally, the numerical results demon-
strate that the proposed method outperforms the traditional method in terms
of increasing the number of served mMTC users.
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