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T W EmE s B A

RN T = ¥ 3

25,1 M1011234 ~ M1032130

B SR L

Bl A L SRR N A )
2 S T = W A -

g E 111 Fe&2i % 1 5




FREEEE AN ER Y R Z EF

EE £

"EF I RE(oT)E B o Rt © 8 GRS o JRIRE AR F2
BO5G R RIRFEE B4R S R GPRIEF B (QoS) & f o B A 5G 4T
B FAcr 2 2 RBpREFHAL > A RS IREI PP T L
B~ 2l d 85 20 e 0 5 SDN 2 NFV Hjed Lg%
e BAKRKISG6GFT Y Y o deie g UaHER P ST A fe
TR RAIRIFETE o R P AL BGEE X BL -
¥ 3a i Kaggle FALE * 2040 lo e e U 2 RRA T
f 2 (Deep Neural Networks, DNN) » 1345 7 Fe ezt B pFR ~ 448 45 4 &
FE R P BFE PR o PRRAIZEM L
T FHUE S eB - 22 AU % one-hot Encoding & 77 o i i 41 5| B e0iE
ABE % oo ANEEECRD RS KB B £ T 41 (weights regularization) ~
S HA] < o]~ 4~ Dropout f#;4-:8#t & (overfitting) ¥ 42

¥ 2 3 * Hok T 35(fuzzy-c-means) 3 L L AR

R
e

3L ig 7 B F (clustering) % *# ‘2 (dimensionality) ix % o 3% 5 % =
FEBRE Gk i FCM 5 BIRFAE 7 adT - B (S -2 5 4p
WA RIS A R Bl — R B o AR B A hiEgr s 2 P

EEFRAAEd P PRREFE BT PIRBABARORR o HA R

1 R ERER A iy ePaper(2023 4F)



FREEEE AN ER Y R Z EF

* fuzzy-c-mean ¥+* < B FIRAERE  BARTRAREP ET 2 o

B {

L

FHAFRERBER Y L SR REAEC TR B AR

it o

(=

wE R

Ak

MEEF: ~ BT~ " 0 T30 DR IFARAN SRR

2 R ERER A iy ePaper(2023 4F)



FREEEE AN ER Y R Z EF

Abstract

With the development of the Internet of Things (I10T), the number of
network users has increased dramatically, and the service characteristics are
complex. Therefore, 5G network services require extremely diverse Quality
of Service (QoS) requirements. The current 5G standard divides the network
according to scenarios and user needs. Different scenarios provide
customized networks with different delays, reliability, and number of user
connections. Network slicing is realized through SDN and NFV
technologies. In the future design of 5G and 6G research, how to rationally
allocate resources and improve service quality in limited bandwidth, network
slicing and Al technology have attracted much attention.

The first part uses the Kaggle data set for the training of the neural
network and builds the neural network. Slice types are classified according
to different user usage characteristics such as delay time and packet loss rate.
The relationship between slice types is independent, and one-hot Encoding is
used to represent the input and output of the category, eliminating the
potential relationship between categories. For the model training results,
through weights regularization, reduce the size of the model, and add
Dropout to solve the problem of overfitting.

The second part uses fuzzy-c-means as the main method to perform
clustering and dimensionality tasks on unmarked training data. For a
network where multiple users and multiple services coexist, each service is
processed through FCM, and services with similar characteristics are finally

assigned to the same slice. The task of slicing classification is divided into
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three phases. First, the slice granularity will be used to prioritize different
services. Secondly, use fuzzy-c-mean to perform deep clustering on users,
and allocate resources to target users preferentially. Finally, according to the
situation of each user in a complex network environment, flexibly adjust
slice resources and dynamically adapt to changes in communication

requirements.

Keyword : clustering ~ dimensionality ~ deep neural networks (DNN) -

fuzzy-c-means ~ one-hot encoding
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model » keras.Sequential(names'model-1') ##sequentiol 2model

model.add(layers.Dense(64,activations"relu’,input_shape=(14,))) #¥-F2FIFRFR 62 it . FUBER(16, ) WRM\REA(batch_si;
model, add(layers.Oropout (0, 385))

model. add(1ayers.Dense(64,activations'relu')) M- WS FZF2ANS 64 unit

model. add(layers.Oropout (0. 364))

model.add(layers.Dense(2, activations'softmax'))

node] . summary()

Model: “model-1”

Layer (type) Cutput Shape Paras »
dense (Dense) (None, 64) 960
dropout (Oropout) (hone, 64) 9
dense_1 (Dense) (None, 64) 4160
dropout 1 (Dropout) (tone, 64) 0
dense_2 (Dense) (None, 1) 195

Total params: 5,315
Trainable params: 5,31%
Won-trainable params: @
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[oT: Internet of Things

QoS: Quality of Service

FCM: fuzzy-c-means

DNN: Deep Neural Networks
eMBB: Enhanced Mobile Broadband

mMTC: Ultra-reliable and Low Latency Communications
URLLC: Massive Machine Type Communications

V2X: Vehicle to Everything

HMTC: High-Performance Machine-Type Communications
LTE: Long Term Evolution

GBR: Guaranteed Bit Rate

AR: Augmented Reality

VR: Virtual Reality
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