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Power allocation scheme for robust 0T networks under
infeasible circumstances

Nguyen Xuan Tung® Won Joo Hwang
Pusan National University

e <
Considering the infeasible circumstances in Internet—of-Things (loT) networks, where the system
cannot satisfy all loT devices (IDs) their required data throughput, namely infeasible circumstances. Our
work presents a novel framework to handle this issue. We propose an iterative algorithm that gradually
increases the number of satisfied IDs and enhances the total network throughput. Therein, the power
allocation can be obtained via a designed fixed—point algorithm, which can serve more 1Ds (up to 50%)
than applying an equal power allocation method.

2. System Models and Problem Formulation
We consider a downlink 10T system with K APs and N IDs as

1. Introduction

The Internet of Things (loT) has revolutionized our

interaction with the world with numerous applications [1].
However, managing loT networks poses several challenges
[2]. Although previous works have made significant
improvements to system performance, limitations remain,
particularly in satisfying the Quality of Service (QoS) to users.
Optimizing the system solely by the power budget, [3], leads
to disparities in service quality, while some |IDs experience an
unnecessarily high data throughput, others suffer from very
When all
throughput at the same time, the system may have no solution,
namely infeasible circumstances.

Nevertheless, the study of this problem in loT networks is

poor service. users request minimum data

still limited. Especially, in dense loT networks [4] with intense
interference. Therefore, it is crucial to identify and provide
services to as many loT devices as the system can satisfy.
Being inspired, this work studies an loT system where multiple
APs communicate with loT devices in the downlink way. Our
objective is to handle the infeasible problems and maximize
the number of loT devices satisfying the required data
throughput.
problem that optimizes both the number of satisfied loT

We propose a dual-objective optimization

devices and the total data throughput. Extensive simulations
demonstrate a significant improvement in comparison to an
equal power allocation method.

in Fig.1. An AP simultaneously serves multiple IDs.
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Fig.1: A downlink 10T network with multiple APs and IDs.
The n-th ID receives the desired signal s,. The received
signal at the n-th 1D is ¥y = Wenhiny/Pasn +
Y #nnenN 2kex Min! hk,n\/P_n’sn’+nn . Therein, hgn is the
channel between the n-th ID and the k-th AP, n,is the
additive white Gaussian noise (AWGN) at the n-th ID, which
is distributed as €N (0,0%). Here, wg, indicates the ID-AP
association, which is determined by the strongest large—scale
fading channel. The data throughput of the n-th ID is
computed as

R,(p) = log, (

|15 hn|*Po )
X! "£n,n’ ren|tnshn |2 Py + 02



T
Where Hn = [lll,n, ""IJ'K,n] € BK, Y= [Hp '"IIJ-N] € BKXN’ hn =

[hin - hin], and p=1[P,..,Py]T€RY. To maximize the
number of satisfied IDs and the total data throughput, we
consider the following dual-objective problem:

(|Q|,Rtot(p))

maximize
p
Subject to Z Wen P < P79V € 2)
neN

Ry(p) = R, vn € 9(p)

where Q(p) = n|n € N, R,(p) = RI".

3. Proposed Solution

Note that if the system optimizes the sum of data throughput
without meeting all the IDs' QoS requirements, the power
budget would be allocated to the IDs with good channel
conditions only. To share more power with poor channel
conditions IDs, we set the data throughput requirement of
satisfied IDs equal to their requested levels. Thus, less
power budget is required from these IDs to satisfy the
request and the remaining power budget will be shared with
other IDs. We repeat two main steps: (1) updating the
satisfied IDs by reallocating the power budget; (2) solving
the following data throughput maximization problem with
fixed data throughput constraints as

maximize R0t (D)

p

Subject to (3)

Z Wen Py < P, Vk € K
neN

Rn(p) = RY",vn € Q*(p~*~V)

where t is the iteration index. The above problem can be
solved by applying the log approximation transformation
log,(1+2) = a(z')log,(z) + B(z") with non-negative z and
z', and a(z')=2z'/(1+2) and B(z') =log,(1+2")—2Z'/(1 +
z")log,(z"). The partial Lagrangian function on the power
allocation of unsatisfied IDs and adjusting the power of
satisfied IDs accordingly. We repeat solving (3) and update
the satisfied set as in Algorithm 1 until convergence.

4, Performance Evaluation

In this section, the performance of our proposed algorithm
is evaluated. For better illustration, we evaluate the system
with different AP
including the closest AP association and the coalition game
method (CG-APA).
allocation (DIF-PA) is compared to the equal power

performance association methods

Meanwhile, the proposed power
allocation. Fig.2 illustrates the detailed data throughput of
IDs when the system deploys different power allocation
solutions and AP association methods. The network has 8
IDs with the minimum data throughput requirement of 0.5
(bits/s/Hz). When the system applies Equal-PA and the
proposed CG-APA, only 4 IDs can meet their requirements.

The figure also shows that the proposed power allocation
can provide higher total data throughput in comparison to
the equal method.

Algorithm 1: Alternative algorithm to solve problem (2).

1: Input: The system parameters N, K, o, P™* and a

tolerant e.

2: Initialize: p*(® and calculate Q*(p*®).

3! Repeat

4:t=t+1.

5: Solve (3) to obtain p*®.

5 Update 0'(p") = nlfy(p"®) K"

7: Until (]0*®] == 0" V&(Reoe (P ) = Reoe(p"“") < ).
8: OQutput: p*fin,

o

B Proposed DIF-PA + Proposed CG-APA
B Proposed DIF-PA + Nearest-APA

EEqual-PA + Proposed CG-APA g
B Equal-PA + Nearest-APA

Data throughput threshold

The data throughput (bits/s/Hz)

3 1 5 [
The IoT deviee's index

Fig. 2: The data throughput of IDs with different solutions.
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IPv6 over the Time-Slotted Channel Hopping(6TiISCH)= &t SZ0A A X0 AZAE s 2
SENE MIole ZZ2EZ AEHQIC} 6TISCHS & A= JI# 2l Minimal Scheduling Function(MSF)2l
S& & Y HHLISC! 'Adapting to Traffic'® M2 7 SSE o FAUSHH HSoE2Z, EE Helz
ol CH

of ZMotE 7 QHEZRZ W3 &40 2HEY = .= =20AE I3 7 EECE e
al At % = 2

M F0F Y AN BE XIS SHo2 228 2011 RF S 2LAAG
6TISCH AIZH0IEE BS8 A2 Sof JI1Z JIg0l UHl M2l 858, M2, WEAD HUX 49
UM 85 SAS =l

1. 8 2. HHE XA

Sl &Y SHEHNM R4 UERKIAL =240 =55t TSCHE 6TiSCHSl =R& HAHLIS = otLiz, 24 dA
UCH RA UHIEKIE Sol Ul WS AAHe=2 HIEAIOA SHAEH0ILD &ZH A=s SAS KXo fst
SLIHE3D HAHEZM 38 zFs, Ui &8 g4, Media Access Control(MAC) J1=0ICH TSCHE Mg s&
& A 0ls, X2+ S0| JtsotCh. ANZE S&sS 2ot 2= 2tdE8 = AS0tL, Absolute

Lt &t SHAUAMS 24d S42 HEH REEE QIS Slot Number(ASN) JIE2z UWEKIN &0ist LE Xt
= 32 Holgd 2 24 AS 22 Z 215 S4l Alg 40| A2 SIOIStEIC 2 X A2 SFE B =0 Fh=
SXOtH 2ZA8CH S35l At Z0tHM= & AlI2E dI0lIH MWEE8 AMESH SAldtH, 02 St s=2 #As6tn
28 L WO AAES HFMMH0| EQOIEZ AHEHN0ID WS Ol= Jtsoti &24d UYe S0l Jisotth. €& =2
Jtsst 24 S4101 E=HO0|C. Bt £X0 20 =XRIZgds A4H5tL, =FZY L0l

IPv6 over the Time—Slotted Channel Hopping(6TiISCH)[1]&= 255| Bt=geE PAE JHAL UL
Ahed BHANA CHEFOID MEY As RH SIS MSot| EXNE BY X2 oL HE X2 4o, & ¢
Flet Z2EZ2 AY I GtUCH 0 Z2E£2 AEE |EEE gHE A AH=E0let) Sl MSF= 6TISCHUIM AMIZEE =
802.15.4e HZ=Z0l JIBtotH, &Y SHIWAE SUHES=Z d A= JIYOICH. MSF= g 152 &Z2 A6t
S&EHCH 6TiISCHE & AHZEH JI1¥ 2l Minimal Scheduling HERZ L& 2t Salg 2elstt. &ol= Minimal cell,
Function(MSF)[2]2l 'Adapting to Traffic'S EciZ 2koi et Autonomous cells, 12l Negotiated cellsJt QUC. O 12
s sHCZ FI K= AAHot= JIEO0ICH ek 0l BTISHC UWIEKAN #EOE XL &=RTZYLs2 20H=F0,
lge & 2g8C0ts ol 20 EiE 2Hs0| vies MSFE AIE5t0 &ge &g &ols & UL

UEQINA M2 7 QHEZSLZ Q& TH3! &40 gMs 6TiISCH Operational sublayer(6top)[3]= 6TISCHSl 23
= QUL Ot 2 ==0lMes W3l A 282EE IHs diol A RAXIcHH, & Y, &, MHIXI s <ol

&= 'Adapting to Traffic' IS AJWSHCH 6top Protocol(6P)= AtE8tHCE.
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EE06I0 M= 2 2A2Z 45 FItotAHLE ArMett
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20 & DYoo gdge 4ol HOH A2 Fitot=d
22 Al2H0l 28 = UC
4. mer oY

JIES] gAHAME MAX_NUMCELLSS 2Dt DEEHN
U I RO 28&%A= RS S FI6HAL
ARGt BEE FI10F ZEEJACH DAL M JIYEAME
o2l "o Es&0 et & FI T= AN By FIE
SHOE 2O0EH. I3 RO &85 =S5 4 FIt
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to Traffic' JI81& 2 Negotiated cellOlAl CIE21 22 S&S

1. NumCellsElapsedAdd, NumCellsElapsedDelS 14!
ZILAIZIC.

2. ol Z0A M2AS ESHCHH, NumCellsUsedAdd et
NumCellsUsedDel= 1% ZJtAIZICH

3. NumCellsElapsedAddIt MAX_NUMCELLS_ADDECt =3
AL 20, & &Z5IF LIM_CELLUTILIZATION_HIGH 0l
A0letH, & FIIE 2Ist 6P EMME0| AIXEID, 6P E
HAMMS SR LUAC2HE DHEH NumCellsElapsedAdd et
NumCellsUsedAddE Z=D|3H8HCH.

4.  NumcCellsElapsedDelOl MAX_NUMCELLS_DELECt 3
Hu 21, & &SIt LIM_CELLUTILIZATION_LOW
OlotetH, & AKIE RS 6P ESHXE0] ARSI, 6P
EEAZ GHA LACSHE OiIEH NumCellsElapsedDel
2t NumCellsUsedDel2 Z=D|3t8tCH.

MAX_NUMCELLS_ADDE 2! 7 #E2LIt === HO0tHO0F of
=2 AL (1)2 Z2CH =4 (1)2 a2t p= HIERT SHZ00l SEHH =2
g = ULL OIE S0 HAE Ecim0l Xt== 246t 3! 740] X
A0l MHIALl 2R THA! ROl [HE J&ES M0l & = UAEE =2
as 28g == UCH MAXNUMCELLS_DEL2 IH2! 7 &5t ==
=5 M0t G222 A @22 Z22M, JIE JI-uME

MAX_NUMCELLSOl €&stH =XIZD| 20 & =0t & Al JIE
= 29 H===2 LIEFH LIM_NUMCELLSUSED_HIGH<}
LIM_NUMCELLSUSED_LOW=Z &FEIACE dedlh, XMt J1=E0iIA
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The fifth generation (5G) mobile communication network revolutionizes connectivity with its
capabilities boasting ultra—high speeds, extensive connectivity, reliable communication, and
remarkably low latency. Among its transformative features is NR-V2X communication, empowering
vehicles to interact seamlessly with each other and their surroundings. The NR-V2X framework
operates in two modes, with Mode 2 facilitating direct vehicle—to—vehicle interactions. This mode
proves vital in scenarios where instantaneous communication is crucial, such as collision avoidance
and traffic optimization. However, the efficient operation of vehicular networks necessitates a
delicate balance between high transmission rates and the imperative of avoiding network overload.
Addressing this challenge, this paper introduces a novel approach utilizing Reinforcement Learning
(RL) as a congestion control mechanism. Specifically, the proposed RL scheme aims to optimize
the modulation order, thereby enhancing the overall efficiency of the vehicular communication
network. By leveraging RL, the system dynamically adapts to changing network conditions, striking
a balance between the need for high data rates and the imperative of congestion management.
This research contributes to the advancement of robust congestion control mechanisms in NR-V2X
communication, ensuring the seamless integration of high—speed vehicular networks into the
broader 5G landscape.

seamlessly with each other and their

environment, forging a fully

surrounding
interconnected trans-

The advent of the fifth generation (5G) mobile
communication network marks a revolutionary stride
forward, poised to transform the very fabric of our
daily lives. 5G brings with it a suite of capabilities,
including ultra-high speeds, expansive connectivity,
reliable communication, and remarkably low latency,
addressing the imperatives of our hyper-connected
world. These features collectively promise not only
faster internet for smartphones but also lay the
groundwork for groundbreaking applications that will
reshape industries and societies [1].

Among the myriad applications ushered in by 5G, one
of the most transformative is New  Radio
Vehicle-to-Everything (NR-V2X) communication. At its
core, NR-V2X empowers vehicles to communicate

portation ecosystem. This innovation holds the key to
elevating road safety, enabling the realization of
autonomous driving, optimizing traffic management, and
fostering the real-time exchange of critical information.
As 5G networks unfold, NR- V2X stands as a testament
to the potential of this technology to revolutionize the
dynamics of transportation and pave the way for a
smarter, more efficient future [2].

Within  the NR-V2X framework, two  distinct
communication modes, Mode 1 and Mode 2, play pivotal
roles in shaping the efficiency and effectiveness of
vehicular networks. Mode 2, characterized by
decentralized communication, facilitates direct
interactions between vehicles. This proves particularly.
advantageous in scenarios where swift and immediate
communication is paramount, such as in collision



avoidance and traffic optimization. However, the
dynamic and decentralized nature of vehicular networks
presents a challenge in effectively managing resources
within NR-V2X Mode 2. Consequently, the need arises
for robust congestion control mechanisms to strike a
delicate balance between the demands of high
transmission rates and the imperative of avoiding
network overload [3].

In the remainder of this paper, related work is
discussed in Section 2. Section 3 discusses the system
model. Problem is defined in Section 4. Finally, the
proposed scheme is discussed in Section 5 and the
conclusion is drawn in Section 6.

2. Related Work

We have reviewed studies using MCS to reduce the
size of messages in C-V2X and NR-V2X. Miguel
Sepulcre et al. investigates the compression of V2X
messages to alleviate communication channel load in
vehicular networks using three compression algorithms
[4]. The papers applying MCS in C-V2X are as follows.
Andres  Burbano-Abril et al. investigates the
implementation of adapting the MCS within the C-V2X
sidelink under various vehicular densities [5]. Ji-Cheng
Yin et al. focus on optimizing the performance of
LTE-V2V Mode 4 in C-V2X communications, specifically
addressing the selection of MCS for improved
transmission and reception efficiency. The study
proposes vehicles to automatically choose a suitable
MCS for communication [6]. Yu-Jen Ku et al. addresses
the limitations of C-V2X Sidelink communication
protocol. They investigate parameters, such as MCS and
packet size [71.

The papers applying MCS in NR-V2X are as follows.
Jin- Yan et al. addresses the challenge of determining
an optimal MCS for 5G NR Sidelink in the context of
V2X communication. This research aims to identify a
globally optimal MCS value applicable to any scenario.
[8] Shang-Huan Wu et al. focuses on improving the
reliability of V2X communications by proposing a
platoon-based  groupcast  approach  using  Deep
Reinforcement Learning [9]. Aslihan Reyhanoglu, et al.
focuses on enhancing the reliability of V2X
communications by proposing a Machine Learning aided
NR-V2X QoS prediction scheme [10]. Given the limited
number of studies applying MCS to the transmission of
CAM messages in NR-V2X broadcasting, we believe
there is a need for further research on MCS selection
in NR-V2X mode 2.

3. System Model

We consider a set of V vehicles, V= {1,2,3, ..., M}
on the road. There are K resources denoted by
R = {1,2,3,..., R} in the network. Each resource is

defined in the two-dimensional time and frequency
domain, following the LTE standard, also depicted in
Fig. 1. Every vehicle reserve resources from the
available set in the network using semi- persistent
scheduling for communication. The vehicle selects n
resources for the corresponding Cooperative Awareness
Message (CAM) transmission. The value of n (G.e., the
number of resources) reserved for the CAM message
depends on the size of data that the CAM message
carries.

Resouice
Subfranie
A 7 element

Frequency]

|
}-Sz&)chauué}

Fig. 1. System Model
3.1 CAM Structure

Fig. 2 illustrates the structure of Cooperative
Awareness Messages (CAMs), which are messages
exchanged within the Intelligent Transport System
network. CAMs consist of mandatory and optional parts,
with an average size of around 350 Bytes. However,
the message size can vary (190 Bytes to 800 Bytes or
potentially more) depending on the presence of optional
containers. CAM messages include a Protocol Data

| CAM PDU ‘

ITS PDU
header

Basic
container

container

Mandatory Optional

Highly Lov-gynamic
dynanmic (23
data static dafa

Specific for
sender rnie

Fig. 2. CAM Packet Sturcture

Unit (PDU) header, a basic container, and a
high-frequency container, all of which are mandatory.
The header indicates the vehicle ID. The basic
container contains data such as position and timestamp,
while the high-frequency container includes dynamic
data like heading, speed, acceleration, and curvature.
Optional  containers encompass the low-frequency
container(vehicle role, trajectory, basic sensors) and the



special vehicle container (traffic conditions, road works,
road accident) [11].

CAM message generation is aperiodic, occurring when
the vehicle’ s position changes by more than 4m, the
direction changes by +/- 4° or more, or the speed
changes by 0.5m/s or more. Generation also happens if
the time elapsed since the last CAM generation is equal
to or greater than TGenCam and equal to or greater
than TGenCam_Dcc. The CAM generation interval
ranges from TGenCamMin = 100ms (10Hz) to
TGenCamMax = 1,000 ms (1Hz).

The parameter TGenCam_Dcc is provided by the
management entity, with a value range of TGenCamMin
< TGenCam_Dcc =< TGenCamMax. If provided with a
value above TGenCamMax, TGenCam_Dcc is set to
TGenCamMax. If the value is below TGenCamMin or
not provided, TGenCam_Dcc is set to TGenCamMin.
Note that the specified rules apply only to the
mandatory part, excluding the optional part [12].

4. Problem Definition

Vehicles transmit CAM messages using resources
reserved from previous transmissions. However, the
variable size of CAM messages introduces situations
where messages cannot be transmitted through the

reserved resources if the CAM message size is
substantial. In such instances, the resources already
reserved and broadcasted to neighboring vehicles

remain unused, causing resource wastage. Furthermore,
transmitting larger-sized messages necessitates the
reservation of new resources. As the number of
available resources is limited, inefficient resource
utilization can lead to channel congestion. When the
channel becomes congested, collisions may occur
between messages, resulting in improper delivery of the
messages.

5. Proposed Scheme

We aim to enable communication between vehicles by
utilizing reserved resources, with the reservation
broadcasted to nearby vehicles. To achieve this, we
adopt an approach involving modulation and coding
schemes. Choosing a higher modulation order allows us
to transmit a greater amount of information using the
same resources. However, higher modulation orders may
result in an increased bit error rate, representing the
number of bit errors within a given time period caused
by noise, interference, and distortion in the
communication channel.

5.1 Deep Learning

To address the aforementioned issue, we propose a
mechanism  employing reinforcement learning to
determine the optimal modulation order. Reinforcement
learning is suitable for solving problems where finding
an optimal value is challenging. The agent in our
system is a vehicle facing a situation where the CAM
(Cooperative Awareness Message) message to be sent is
larger than the reserved resources.

State Each vehicle observes the state. The state
includes the CAM message size and channel state
information given as follows.

State
= {CAM message size, Channel State Information}

Action Based on the state observed by the vehicle ie.,
agent, the action is performed. The action involves a
set of modulation and coding schemes(MCS) given as
follows.

Action = {2,4,6,8}
Each vehicle takes action to choose the optimal MCS.

Reward The reward is calculated based on the PDR
given as below.

1
N;'J'

1=

PDR = 7 (D)

1

Here, N] represents the number of vehicles around the

agent vehicle. 7 is 1 if the vehicle has properly
received the message; otherwise, it is 0. We define the
Packet Delivery Rate (PDR), and our machine will be
trained based on centralized training, with distributed
execution in real-world situations.

6. Conclusion and Future Work

In this paper, we aim to enable communication
between vehicles by utilizing reserved resources, with
the reservation broadcasted to nearby vehicles. To
transmit the CAM message that is larger than the
reserved resources, we adopt an approach involving
MCS. We propose a Reinforcement Learning scheme to
determine the optimal modulation order for 5G NR V2X
sidelink broadcast communication. The reward of
Reinforcement Learning is calculated based on the PDR
that we defined. We consider the number of vehicles
around the agent vehicle, and whether the vehicle has
properly received the message in this PDR calculation.



In future work, we intend to train our machine based
on centralized training, with distributed execution in
real-world situations. We will also investigate how to
determine whether the surrounding vehicles have
properly received the transmitted packet.
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Abstract

The open—-domain event extraction task aims to identify and extract various types of event
information from predefined text, The task is usually based on methods such as pre—training or neural
topic modeling. However, there are a number of problems with existing methods. First, Existing pre-
trained models suffer from insufficient feature vector extraction and excessively high embedding
dimensions. Second, Existing methods are not rich enough in semantics and lack syntactic structural
information, resulting in poor readability of results and insufficient extraction accuracy. Therefore, to
address these issues, this paper first improves the open—domain event extraction method based on the
neural topic model of BERT. Secondly, it dynamically integrates semantic and syntactic dependency
information to obtain rich semantic and syntactic features, in order to further improve the model

performance.
1. Introduction

With the development of Internet technology,
information resources have become more abundant,
and a greater amount of information appears in the
form of unstructured text.
characterized by large amount of information, high

Internet news is
timeliness, fast turnover and high credibility level,
which makes it an important medium for obtaining
The

types of news and the huge scale of news in the open

information on events. increasingly diverse
news environment have created problems such as
information overload and redundancy. It affects the
news collection, judgment and processing. The text
data to be processed for open—-domain news event
extraction is huge but the number of event types
involved is very small, resulting in a very sparse
amount of effective data to be processed.

The purpose of event extraction is to extract
structured information from unstructured text,
describing who, when, where, what, why, where, and
how events occur in the real world. Existing event
extraction tasks can be categorized into traditional
and open domain event extraction. Traditional event

extraction looks for words that belong to a specific

event pattern, and the extraction targets such as time,
place,
extraction tasks, events are usually treated as a set

person, action. In open—-domain event

of related topic descriptions, constructed using

which extracts event

information without specifying the event type[l_‘ﬂ.

classification or clustering,

After research, it is found that most traditional event
extraction corpora are based on knowledge, and the
ACE2005 dataset has 33 event types, 599 documents,
and 6000 labeled data, which means that there are
less than 200 annotations for each event type on
average, and at the same time, the distribution of
event types in the corpus is very uneven. The event
types
complex type structures, and it is cumbersome to
annotate sufficient training data for each type of
event type in real-world scenarios. Overall, open-—

in the open domain have noisy text and

domain event extraction 1is closer to real-life
scenario information on social media. Therefore,
exploring open-domain event extraction has

important research implications.

The most important feature of open-domain event
extraction is that it does not predetermine event
types or patterns. It usually focuses on discovering

new or unexpected events[‘Hﬂ, event text



generation'”®!  and

[9-111

other general information

extraction tasks . However, it also faces several
challenges.First, the open domain involves a wide
variety

automatic event extraction requires understanding

of domains and events, and accurate
and representing different event types and domain
knowledge. Second, open-domain event extraction
needs to process a lot of text data but involves a
small number of event types, resulting in very sparse
effective data to be processed. Finally, there is a lot
of noisy data, such as labeling errors and linguistic
ambiguities, which need to be effectively filtered and
corrected.

2. Related work

Presently, the research on technical methods for

extraction can be

clustering[5],

open-domain  information

those based on

[13]

categorized into
parsing[lz], Bayesian approaches, and the like.
2.1 Clustering—based approach

Social events are collections of various semantics,
and related events tend to be cohesive. Therefore,
density—based clustering algorithms can be used to
detect and discover new events. Although the
clustering method converges quickly and the
algorithm still has the advantages of scalability and
speed when dealing with large datasets, the method
1s not good at dealing with noise and outliers, and has

difficulty converging on non—convex datasets.
2.2 Parsing—based approach

The results of syntactic analysis are often used to
improve open domain event extraction methods. For
verbs are useful for detecting event
triggers, while nouns are useful for filtering event
parameters. On the hand, syntactic
dependencies are useful for retrieving the same
event roles and parameters in multiple sentences.The
advantages of this method are rigor and precision,
but the disadvantages are also very obvious, its cost
is large.

example,

other

2.3 Bayesian—based approach

Most open-domain event extraction Bayesian
models assume that documents are joint distributions

of different types, slots, entities, and contextual
features of events. This method has a reliable
theory and
efficiency, but still most of the methods do not pay

mathematical robust classification
enough attention to the semantic and dependent

syntactic information of the sentence.

3. Proposed Methodology

3.1 Pre—training

Since the generated continuous contextual feature
vectors need to be sent to the model as inputs, the
previous pre—trained model cannot obtain a bi-

representation that contains

[14]

directional feature

contextual information' ™', which can further affect

the performance of the open-domain event
extraction task. BERT has been proved to be useful
for improving the accuracy of open-domain event
extraction models in specific tasks after extensive
research!'™ BERT uses

which has the ability to utilize contextual information

Transformer's encoder,

to obtain bidirectional representations of features,
and adds
segmentation vectors, which fuses richer information

word vectors, position vectors, and
and more accurately extracts the key trigger words
and parameters, and can effectively improve the
accuracy of open—-domain event extraction models.
Therefore, BERT 1is chosen as the pre-trained
context—-embedded language model to obtain the
context representation.

3.2 Dimensionality reduction

The experiment revealed that utilizing a language
model based on pre-trained contextual embeddings
from BERT did not lead to significant improvements.
This is attributed to the high dimensionality of the
document embeddings, sparse
embedding space that requires dimensionality
reduction. Although PCA and t-SNE are well-known
dimensionality reduction methods, UMAP (Uniform
Manifold Approximation and Projection) is a new

technique proposed by Leland Mclnnes and others
[16]

resulting In a

, which has been demonstrated to preserve more
local and global features in high-dimensional data.
Although PCA and t-SNE are
dimensionality reduction methods. However, Umap is
a new technique proposed by Leland Mclnnes et al (17
that has been shown to preserve more local and

well-known



global features in high dimensional data. It constructs
a weighted graph from high-dimensional data using
edge strengths to represent the "proximity" of one
point to another, and then projects this graph to
lower dimensions, which has a number of advantages
over t—SNE, the most obvious being that it has no
computational embedding
dimensions and thus improves the speed, and better
preserves the global structure of the data. Umap can
language models with different
dimensional spaces, and it is based on reliable
mathematical principles. Therefore, in this paper, we

constraints on the
be wused in

use the Umap method to reduce the dimensionality of
document embedding.Figure 3-2 shows the overall
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Figure3-1: Architecture diagram for open domain

event extraction based on BERT neural topic
modeling

3.3 Semantic understanding

The BERT model consists of a 13-layer

Transformer encoder structure. However, during the
training process, multi-layer Transformer encoding
may suffer from gradient vanishing or exploding
problem, which further loses semantic information.
The Long Short—-Term Memory (LSTM) model is
proved to be an effective method to solve this
problem. However, due to the problem that LSTM
cannot capture the reverse sequence information,
based on the semantic analysis, the Bi-LSTM(as

shown in Figure 3-2) model is selected, which
combines the forward and backward LSTM, and can
take into account the and backward
information when processing sequence data, and is
able to capture the
features.

forward

long—distance dependency

Figure 3-2:Schematic of BI-LSTM
4. Experiment

This experiment uses the GNBusiness dataset. To
validate the effectiveness of the proposed improved
model in this paper, experiments will be conducted to
compare it with the following models:Nguyen et al''®!
for the better performing model on the MUC4 dataset,
von Luxburg et alll?! proposed a clustering method
that is very classical on the open domain event
extraction task, and ODEE is the baseline model
selected for this task, which was investigated on the
open domain event extraction task. The results of the
experiment are shown in Table 4-1.

Schema Matching(%)

P R Fy
Nguyen et al.(2015) 41.5 534 46.7
Clustering 412 50.6 454
ODEE 434 58.3 498
BERT-ODEE 42.1 56.6 483
BERT-Umap-ODEE 443 58.9 50.3
OurModel 449 60.1 513

Table 4-1: Overall performance of schema
matching

It can be found from the experimental data that the
model proposed in this paper has the best
performance in terms of performance.In schema
matching, the Precision (P), Recall (R), and F1 values
of our approach are 44.9, 60.1, and 51.3, respectively.
This represents an improvement of 1.5, 1.8, and 1.5
compared to the baseline model.



5. Conclusion

The open-domain event extraction task is very
important for quickly understanding and summarizing
a large amount of information. On the one hand, in
order to solve the problems of insufficient extracted
feature vectors, too high embedding dimensions and
the same parameter type corresponding to multiple
parameters, this paper proposes an improved method
for open—-domain event extraction based on the BERT
neural topic model. On the other hand, in order to
solve the problems of insufficient semantic richness
and poor readability caused by the lack of syntactic
structure information in the existing methods, this
paper proposes an improved open—domain event
extraction method that dynamically fuses semantics
and dependent syntax. Based on the above two
through
experiments that combining the neural topic model
framework with BERT and
semantic and dependent syntactic features have

research methods, it can be verified

incorporating rich

certain improvement effects, so the research on
open—-domain event extraction is of certain value and
significance.
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Efficient QR code access recognition through object location estimation
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ABSTRACT

The research proposes a method to enhance the efficiency of the entry subject identification process using a top-mounted
first camera and a front-facing second camera. The first camera plays a role in estimating the location of an object, and
based on this information, the second camera captures and enlarges images within a set range to recognize QR codes. This
system is designed to rapidly identify entry subjects, offering high accuracy and efficiency in security and access management
through QR code recognition. The results of the study suggest potential applications, especially in large-scale facilities or
environments requiring frequent access. By automating the access management process, reducing labor costs, and ensuring the
swiftness of entry procedures, this system is expected to improve overall operational efficiency.
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vlET919] 1A S Selsteiel AIXZH 712 24 € AIEL} Qesin] ANAE 2

=

%5tA17] utghuct,

Answer: Hi= @A19| U]E 79] 722 o) S5 AARIO R 4B 4 gigUct BIETIC Fhae Al WS ol uet x4 =02
38 ¥ Ao

|EE F5pA]7] vl

S5b7] uhol, 414 712

RAG, Agent?} 285 910] 2

Question = "HO[E#|0]A0f|A] 2021 11'€E 1Y H|ERQIQ| 7}z S ?iA] 21n

between the two prices and explain it in Korean,
Action: d|o|Eg]|lo] A 23]
Action Input: "H|o]Ej#|o] 204 2021 112 19 H|E Q19| 7}A"

Thought: [ found the historical price of Bitcoin on November 1, 2021,
Action: 7348 ollZ] ALZ

Action Input: "&i#j glg} H|ER Q] 7}A"

Observation: 46,204,980.75

33,795,019.25 KRWch

S Foil A kel Bl ESQ1 7HA S Fop & g1o] Aol £ Agstat”

I need to find the historical price of Bitcoin on November 1, 2021, and the current price of Bitcoin in Korean won. Then I need to calculate the difference

Observation: 20213 112 1Y H]|E3.919] 7}z.2 80,000,000.00 KRWeluct!

Thought:Now I can calculate the difference between the two prices and explain it in Korean.
Final Answer: 2021 11€ 12 H]E37919] 7}z12 80,000,000.00 KRWO| 1, 37| 515} ]| E 5791 7}212 46,204,980.75 KRWLIL|C}. & ZHo] ajol
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o =EE loT I AR g Asdlel wE & LS FIAI] A A S
Kubernetes 9] HPA 7152 &83}= A2 Custom Autoscaler AA1E A+ttt Custom Autoscaler &
A B A Alzge] A S deketal, A Aol oS RES Vvtew & ﬂ#?& scale—out & 3
o Blass Taste] AW AL EAE Haststaa g B AgE VIS A gas T
loT 71k A & A28l 3AE SH83la, 54 A9 8= 7}%}74] = W o] ta) A A B} o] &
Al At BEo]l Al At AlEdeld dolEE AR&ste] Custom Autoscaler ¢ &dE HTT
TREEY TES T8 A& /e 29E HUks 28t ol

1.4 & afopstt}, o]#f 3t o] f=2 A& #A AF[1]1[2]<9

Zol dolg FH F7E Ao u FHow
At s AYA], AESEaL g o2 USEtE A ZAsE 71Eo] g8, 7haAQ 3 7)o wet
Ay Ak =4S HAhse=d AG A s s A|2=8le] B A2E FHAsteto] v 8-S A7sta 9 Al
loT(Internet of Thmgs) 71ake] A g A AElS tAdE gHE £ Qv WY ZHs= 7)hE
ol gt Fo A Faos dolHE st A5k oA AHelY ©eE Ad Alx"E S E
AAro R ARE BRUE PSS AJste] mel 243 AU 2ES WS, AH oY LALE A =491

ed F e ANE FHFIT gy )E Kubernetes & &3l 93l 2ol

A|2FES A el gig-3t7] f18l diste] A4 Kubernetes & 7]E2 o7 o] Alged uwet
garE AFstal k. ofd &+ Oﬂ?L A % ZHolH 2] Replica & &3k HPA & Ul &3tar Q).
oM E $A1 A] 7] 7:]] b= 710k Ay Absle)] wpE Rals HPA = 4377 Kube-controller-manager &
A str] fls Do gihs S *J"éé}l, ZH ol A F7I(71 2 F71:0 15 Z)o wet girxe FHE
AEH A =2 Kubernetes 2] HPA(Horizontal gel3}al Replica 5 %43t} Replica 75 243
Pod Autoscaler) 7|'s& T3l A9 AMES HA sl8h= TS o5 Zo] JojHt

A =2 Autoscaler & AAstaz} gttt o] & &l Ald

WAl 2 o= wEls npiEgo g HAdE fihAE
Xéﬁ-ﬁ]_:ﬂ_, ol A} Alofl &= Abde] AAILH o= H&

39 St S FAlo Gt A} Sttt B =
O]a?ﬂ' Al 2~ Elof] tff §F

2. AT Wi R AH AT

loT 7] A=mleAEs Aol wiez 4
HEYA vg, dole Aeng 5 thddt A

current
)]

Raesirea = CU[Rcyrrent * (M
desried

}:H

Ryesirea ©= =r3E= 3= Replica ¢ 7i<Folal, o]+
%ZHQ] Rephca Il current‘ﬂ' %;{H FL]_/]\__/_\_Q] }‘6]‘16; %}(
Mcurrent —1,1_|_i H:‘ 6]15; %kMdesriedQ] ?i}?_]_' 7‘3_34'%
=3 sto] A

ol AHEshd AlA el dHoly EfFHol] uwhel 329

ans AEE g U A s HPA EE 59



F71¢F Aeoly 29 AA Aoz 2 Replica
Foll wet A4 E Pod 7 EdE S Aglsted A Aol
B g Ak o] WA AR At [3] W ARS dlE
M om E%EM Aom, HHA 2i 07}
$o] 7bsstAnE, Edggol FAsA tﬂﬁ}ﬂ
A28 @ Al F ket A7 A

_4

il

manager, 183 ZF7FA i?ﬂo 2Hs =ste
Custom Autoscaler +%& % &3F Z o]t} Prometheus
server oA X% wEZS 7|RES = Custom
Autoscaler -0l A 2] A2 AF&S o 53 & kube-
apiserver & 534 g AaAE Aot 4= A o)

data_received. 72 M8
data_sent 80 M8

http_req_blocked avg=57.72us min=ds  med=2us
http_req_connecting avg=53.41ps min=0s  med=0s
http_req_duration avg=349.86ns min=7.66ms med=18.52ns
{ expected_response:true }...: avg=681.12ns min=14.2ns med=167.35ns
http_req_failed 52.55%
http_req_receiving avgsS.4ms  min=3us  med=19us
http_req_sending avg=21.92us min=2us  med=dys
http_req_t1s_handshaking avg=0s min=ds  med=0s
http_req waiting avg=344.43ns min=7.65ms med=18.43ns
http_reqs 221648
iteration_duration avg=1.35s  min=ls  med=1.01s
iterations 221648

vus 6
vus_max 1000

ag 1. () HPA & &8 SEZAYE oA, ($)
LEAAUHO] WPEE FoF HTTP request failed 7}
WA S o A

oy 1 2 FAas AMSFS F3d Autoscaling 9]
FHEJAAT, 1 FAGo A Faled Aofgt Egd o]
AEIE BelETh Abd AT(3][4]0] wEw A
W Eg 79k 717 58 Fdl ol HlolHE Hrtsta
G A 5E Ve R v 2AYY S FAshe AR
of| W 71 H & Aetslar 9l

3. Agt 71

B =olAe= AR AT [3]14]9] WA S we 717
= £ F33}l= Custom Autoscaler =

148 5
0T 71% A o Azdel Agstud, A 99
HEES Fo ST Hhi S2H 0 2AYYo
gt Aol vhs) Aokl

kube-controller- 7 Bodl
manager /

/
Custom Autoscaler —»> Kube-apiserver <> Kube-scheduler —» RC/Deployment % Pod 2

L (Scale)
\
etcd \

\ Pod N
Worker node 1

Prometheus

exporter
—Pull
Worker node 2

Prometheus server Prometheus
exporter

19 2. Custom Autoscaler A]|2~E] o}7] &l |

a9 2 &= Kubernetes ¢ wWEZHS FHg=
Prometheus server, HPA & ¥3}3k kube—controller—

Disaster risk
event

I

minReplicas =3
—= Hojg LESS

o=
ER2AA MY
b

3TN

Kube api-server

19 3. Custom Autoscaler & 4%

a3y 3 ¥ #o] Custom Autoscaler =
Prometheus oA 53 WEHS 7|Wto = gliaxE
oS3l dS5H, Q]Toﬂfﬂ At ¢ oHEES
FAlskE FAE, agal FAEe d55EE VRte s
HPA & Alojste= Ao, 131 A 9 F8
OHIES FAlste] glA~E dE HHE HEIE
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A8 oMEE ?ﬁﬁ}ﬂl HH, 79 wE"S
ZlRko g dgsk  gAi TE ﬂl‘iﬁ}ﬂ S1is
Replica +& AFA 3o}, ’\”é% Replica % Alo]H-=
Z3) kube-apiserver 2 A 2% o] HPA 2] minReplicas
%’Ee Z438A HaL, Scale-out & FaFA Hof
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ZREEY Fdo] dastth Ald A=Y
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Aol AA AN AH 7 J*E‘f%‘ Aot}
Lk Yozt AHAl A EH% 374  Custom
Autoscaler & A&3stia, 1 a¥E Hriste] A
Ao wARS FHetstn AT 5 e

ATE YL Fojnt.
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olf

O_L, -
rulo o

AR}
o] =E& 2023 Wx: AF(Hr=AHREFAF) =
AAA (A TF AN Aoz (A)dTuAdFAl
1 Faete A9 gx" JAAH 24944
A o] A1) whol =8 A+ (No. DBSD1-03)
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HTHOIAM DY MRS PHGH| AGHAS FE| GIOIEA0l ZR6HCH J2iLt 84 SE O HI0IEAS
S99 2= QU0 HAE HOIHE Z2E O, 2l JIE0 22| AR DUS EDA S UAIGI0 GPT-4 2
OI85H HIAE HIOIE ZUZS AFBIUCH C&, 24 2L HROIM KoBERT 2 0128 IE2E 2L KR-
SBERT 2 0128 DAQISAIE A @Y = 0/ 210| O HetarX A&siACh 1 23 KR-SBERT It
KOBERT O HIGHOl HAXNO2 Lt 852 UL GPT-4 TEIE AXLNES S6 9AE zU
KoBERT Ol A 2 35%2| &4aS 21, KR-SBERT M= < 18%2 &&= ZRUCH 0lF EDA 2 GPT-4

2

= riev
Model)S 8ot <M E, é% FE 1 Us SBERT[4]E & &G L. KoBERT 2F KR-SBERT & ™

gteE Tot0A st GPT-4 HH XHZES
o2 M OIoIeAS 22 SItAIZ  H0ICH
al-based Chatbot HIOIEA S HMelgd HUEEZ2 KoBERT[3]%

1
o

ol
&

KR-

GIOIEIAIOl Z R3ICH CHA E’E*éH Ct&st (& E DXl QA0 HM 2 HE HEEEX Lot2C.
Uz T2 L2 HIOIEAO0l & R0otCt= 2010I1CH defut 2 =20AMeE &2 doleAl GPT-4 2 s&dt
o= B 4=0AM SE HOIEHAES 228 = 8L QIOIE AN, el KoBERT € 0|28t UE2RFJI%2 KR-
ElV]= I’*(DataAugmentatlon) Jlg2 dloleJr =gt SBERT £ 088 AL FAE AHAIIE TEL 2
AN ARAECZ HIOIHS 22 SItAIZI= 2™ OIC EFO HOIHAWL 2 EF2 A RS 45 X8oHN
dEH2=z  O0|0IXKI OI0OIHE 0l8ct= Od?OH/\-I H™ X0 24 2E MR IJtE SHE XeolXl
MEDREM, 220 £AE I HIOIE S22 JIEE MAIGHOX 0 52 Hlue 38, 325, Mg,
AL D QCH]. F1 42 0|20 "l stCH5].
BIAE JIEO HIOIH S JIg0l=s 6] -0l JA2L,
22 2 F0I ot dIolENl= 80l gLt L&t 2. &3 o3
BAE [HOIH 32 Z00AM Eel AEEH1D U=
EDA(Easy Data Augmentation)= BERT(Bidirectional 2.1. EDA
Encoder Representations from Transformers)2t 20| EDA = EAE HIOIHE S&0t)| st Y48 = otL 2,
AN EE5E A RELUM AKX 20 LA™ Wei et al.2] =2[2] HlA HAIE B JACH EDA = 2N
ACH2]. CHAl, 2o &, 2o Wi, g2 Ax HES 0/&ct0]
2 =R0AME HAE [HOIH &Z JIY = stU=2 BIAEE S2ols YYOICH del AlEd=s 2-olXct
OpenAl 2 GPT-4 22 0|20l HAEE =2U5te ME StEE RE0ME EDA E St HI0IH S22
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22 £+ A= s 40| 0I0ISHCE. 3.8 43 % "It

22. Z8ZE AXLINHE (Prompt Engineering) 2 A= EHAIH I AHI2H Ol BERT &

IEZE AXLNES GPT-4 2 22 Ur2 oo S&2E 0| SAIE & Sl 20l SBERT UlAl &t=0
QAN M EUESZ Hatot)| f6t0d 2ot J1=0IC. Ml 852 &8 KoBERT 2 KR-SBERT & &&oH0
OI2ZLEE= e o0 220 e A4sds) =892 s Hw AES _%é Ct.NLI & STSHIOIEHZ DIMZESE
MEX NEE = s LB HHUHOICHS6]. =20= £ UIZE KR-SBERT & &2l KoBERT = &&8t 3712
Hust ZEZEEZE 4ol dOoIgHAES =Holdes diolgsez iﬂf—._ OIHIZ=d =H0| 22060t
AZIL O XI 2 JUCHT7]. KoBERT 2t KR-SBERT 2 220 Ootd =2

HiolEHA D dlole =2 &2 dlolgAl(olat &&

2.3. BERT 2 KoBERT HIOIEA!) & JIXE EEdl=20t. 2 RYE2 [0l =&

BERT = 2I0I20| gl= HAEZSRH AZS YU I B Fo 52 =3 &0, KoBERT 2 KR-SBERT
stE58 8 AIMESEE RE0ICH8]. 2 3300M WSl T 22 Asdlne, 2 229 HI0oIH &2 HEH T2
FHHE &&ot9l, Exo 2 X 9HH gl SSHIWE $83ol)| st NEZAH JetE, HUE,
EEES FIlote A2=2 0IMEH & £ JAl=s HEO MelE, F1 848 0|28t
UCH. KoBERT &= BERT JI JIE&ez X&Jst=
multilingual case & st=0{2 As= &S| <ol 3.1. 018 &3
MIAIE 2E0|CH BERT Ol HIot 2.6% =20 Ml 8= 2 =R0AMdIESE 0IZSS HIESZ F X2 JIEs
SatE D28 202 M QUL =2 ==R0AMd= =2 5t LY.

KoBERT & ZoI2& OIOIEHAN Uis UEE: SHE [JIE 1] 22 HOoIEAM ez 8s5HItE AdolH, 2
SHZdte O AESC. MR S HHNA=E =0HE ASTIH0l CHoll KR—SBERT Jt KoBERT ELH O =2 g2
20| dIoIEHAN =Mote HE 22 FS0l £5t=X JIE& 20|CH

metold ofle 22 JH0 Heds gHs &6t [Jtd 2] IHAR D st 282 MH6l= GPT-4 2

JddLt BERT 22 & 2&Z2t RAIEE Rotes olst HIAE Z2A2 KoBERT 2 KR-SBERT OllA
SHHAME BIEE2X0ICH9] R2I0I8+ 8= EA2 08 &= US AH0|C.

2.4. SBERT & KR-SBERT 3.2. A" &

SBERT(Sentence—BERT)= BERT 2 & 0l Al NLI & STS = N@% 2HBI| 2ol MR HECZ (lates 2
HIOIEAIS2 DIMXEAEGIN %’“ LHE Hds=2 MAs 1085 M8 =22 HMol0 22 HOoIHAS &8 Z,
D EO|Ct. BERT 2EEL 21D 246tH LDIEEC=2 TEITE OJIILI(H%% g=otd AJ|JF 39284 ° S
o|0IYA = (semantically meamngful) 2 e #& QoI AI=S =oAL
%= QUCHY9]. KR-SBERT = KR-BERT[10] 2E0A E&

AHIE Hds8 MWAs 2EOICH SBERT 29| =0 3.2.1. IOIEHA 25 & &
Hel Hds2S SUotdlfol MAIZJALCEH. SBERT o ASA A28 HIoIEHAE HEAHWHEAM

OIOICIOIE & Xol Relst 2102 2 UCHA4]. =2 26t /Ues 65 e E22-8E A2 Jetez s
=20 M= KR-SBERT £ j<'9I5E.* HIOTE A0l CHGEHOA, HEAHHE=E XAL “|el"ets HE30 ot XH3=
29 AHIE ®IH 2t TAMR SAZE HatstsE d 2= 2 2(FAQ) 65 ME ER0tD QUCH 65 M2 2 220
AZSHCH R 2e EU#OH/H FOHE L2 HOIEHAES ol SAIEXS ¢EO§ MHolM & 1085 I &=
HlWot JIE DA SAEIN =2 228 &1, 10 HOIEA S 2=otC 1 0M O3S 5002 22-8SE
= gHs 60 NS EoIE £ QLY.

1 % 22 oAy GPT-4 £ 20t 39284
1 EEAHNPS FAQ UIOIEHAIS DBt Z -Het A2 HIOIEA & 5HE =&06t0f de2ls 20
qguestion answer

82 otoll 2t& XI2& = UN? melbeE otEE MH =0 E0tXleE A0t &2 Jelz -

98 =L 20 =S WH? Seltes 2 U &std AlEstsE JIR2 -

227 SO 20 Ot ME0I0F? meleE oNo MBS = UA=332 A=ZIDIZ -

181 ot el A= ME &7 sl 97 MES=Z MAIES 2XIELICH

626 Sl M3 S5t FHIAJAULR? | q2lee =L Sdle 28




30|12 & UIOIEHAEZ =oALt 2 222 FAIZES
HHLHD| <ok &2 L&, 0 =&, 220l 42 &
et SO THE F= few— shot learning ¥ 2 0| E6H0,
GPT-4 22H L& HOIHE 210X} 3tUCT.

GPT-4 0lH &St TEZE= s &0

GPT-4 01 dggt TSZE

| £ 651 = 6tLt]et=
tE SEiZ 30 O HO1H.

. [E2 Adx]E 2= HXNUM HAHLIX Ok,

20l THotAH FAQ
F. Ol HE Ol &E&&0I

~ —

T 660 i S= DIEHoF = AL O 5 =2

KIHo0d 39284 AJ12] CIOIE A0l & RACH.

3.2.2. KoBERT
KoBERT = &2 HIOIEA =
&gt 6: 2 22 22l F0MEE & 550t
ScHAY OOl HE82 210 2 .
F& %8 H=2 20l= I3 (epoch) S &0I517]
(train accuracy), &=
A&t (loss function)
EIAIE AIZ5IYHS
3 2HZOICt. HHXI
Itetolye g2

4 x|

= A
o g o
a

m

|>
Im

]
Wi oy

[Ralibal

]
t

0k
0% o
52

Ct.

<]

.
(W

ol Ex2m UY & FE
& & T (validation accuracy),
Z2UE Fot¥CH 08 12 &
& & 2HQ lZz3 3t

accuracy and loss function without data augmentation

—— train_accuracy
44 - validation_accuracy
—e— loss_function

accuracy

0 10 20 30 40
epoch

g
o
=]

18 1 52 & KoBERT 2 &t & &4+ X

a8 1 0id ds &40l SME0 48 80l O
S0SA ZHU OAl HAX= JIEUA 201 =T
Hdsg =20/, 1 oF=2= A& (overfitting) 0l
LEEFEFCH O3 g0l 30 & ME d==2 H&TIt
asotkl %1, 35 € ME d==2 =4 g+ g0l
SHE2Z 2H2 023 gt2 35 OICH.

S HOIHAZ AIE6tH 0 &8 U8 = et= .
a8 2= SZ UOIHAS AtSotis I 28 S =H2
X3 gtS &= i Z0ICH

accuracy and loss function with data augmentation
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Model STSI2 | STSI3 | STSI4 | SISIS | STSI6 | STSb | SICRR Avg.
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# calculate cosine similarity
def cos_sim(A, B):
return dot(A, B)/(norm(A)*norm(B))
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print(f"Repretty chatbot : {answer}")
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questions.append({"role":"user", "content": question},)
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)
reply = chat.choices (0] .message. content
# print(f“Repretty chatbot : {reply}")

if(reply == "True"):
return 1

else :
return 0
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print(f"of& ¥E : {reply}")
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A Web-based Prediction Service for Combining Odor Control Facilities
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—1 n 3 5. ARIMA_AIC
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RMSE= 3|7 (Regression)2H|2| Met-E £Hs}7| 8l Ar 22 Xt (p,d,g)7t (3,0,2)2! ARIMA model2
Al x= 7} =
SI0f AIH 2 oI 220l A0S Lietuhct ottt
SARIMAX Results
Dep. Variable: feed pressure No. Observations: 16852
4.1 LSTM Model: ARIMA(3, 0, 2) Log Likelihood -34683.362
Date: Fri, 03 Nov 2023 AlC 69380.724
o L= L - I Time: 01:49:00 BIC 69434.850
LSTMS| 245 7= 507, A& Zol&= 10, &43} Sample: o Halc 69398.581
- 16852
EF—/F—E re u, % IDl‘OIX‘I adam% AI'%_OL ﬂ[l‘ J—l|'7‘|9| J_éIE‘I Covariance Type: opg
coef std err z P=|z| [0.025 0.975]
o =2 oz Yo EX™ A™e &y s const 7.5519 3.901 1.936 0.053 -0.094 15197
arL1 1.0342 0020 52953 0.0000.996 1.073
EH5l= many-to-one2 AMHESHRALE arl2 06651 0032 20.599 0.000 0.602 0.728

arl3 -06995 0015 -47.983 0.000 -0.728 -0.671
ma.L1 -0.2598 0.020 -12.749 0.000 -0.200 -0.220
ma.L2 -0.7226 0.020 -36.488 0.000 -0.761 -0.684
sigma2 3.5887 0.024 148.251 0.000 3.541 3.636
Ljung-Box (L1) (Q): 50.70 Jarque-Bera (JB): 506612.47

Prob(Q): 0.00 Prob(JB): 0.00
Heteroskedasticity (H): 3.22 Skew: -4.11
Prob(H) (two-sided): 0.00 Kurtosis: 28.57
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Design And Implementation Of A Diary Application Using
Voice Recognition and Sentiment Analysis Technology
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Fig 1. Application Flow and Structure
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JHEIC

(Wpositiue - Wnegative)
100

Mood Score = 3 X

a9 2. 4 B4 23E 718 A5 BAAE £
Fig 2. Formula for converting sentiment analysis
results into mood scores
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\
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Convert Text To Emotion Score Analysis

User AN Module

View Sentiment Trend Graph
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Fig 3. Diary Application Use Case Diagram
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Fig. 1. Electric Scooter Detection System Architecture
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Fig. 2. Kickboard image augmentation using saturation.
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Fig. 3. Kickboard image augmentation using exposure.
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Fig. 4. Adjust kickboard image brightness.
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Fig. 6. Test Image for electric kickboard detection
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Abstract
Federated Learning (FL) has emerged as a promising approach for collaborative, secure machine
learning in distributive systems. However, the inherent heterogeneity in FL poses both challenges and
opportunities. This paper aims to explore various forms of heterogeneity encountered in FL, including
statistical, devices, network, communication, and model heterogeneity. We discussed their impact on
FL performance and investigate protentional strategies to address these challenges. By highlighting the
importance of understanding and managing heterogeneity, this paper provides insights into the design

and implementation of an efficient and robust FL system.

1. Introduction

This heterogeneity can cause the model to diverge,
making the learning process ineffective. Heterogeneity
in FL can stem from factors such as imbalanced data

Federated Learning (FL) is a machine learning
technique that allows multiple edge devices or nodes

to collaboratively train a shared model while keeping
the data decentralized. Instead of sending raw data to
a central server for training as shown in Fig. 1.
Inevitable heterogeneity in FL refers to the differences
and diversity among participants or devices that
collaborate to train a shared model without sharing
their local data. FL faces the challenge of training on
diverse data sets, devices, and networks that are
beyond the control of the centralized FL server.
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Step 2. Local model training and then upload to the glebal model.

Step 1. Model initialization.
Step 3. Global model aggregation and update local model.

Figure 1. Overview of federated learning

distribution, different hardware and network charac—
teristics of client devices, unstable network connec-—
tivity, and limited device resources. In this paper, as
shown in Fig. 2 we present a taxonomy of the
heterogeneity in FL by classifying it into five types:
statistical, device, architectural, model, network, and
communication heterogeneity [1],[2].

Architectural
‘Heterogeneity

Network & Communication
Heterogeneity

Model Heterogeneity

Figure 2. Proposed taxonomy of the heterogeneity in
federated learning

2. Statistical Heterogeneity
Statistical heterogeneity in FL is a challenge that

occurs when the data distributions of different clients
are not independent and identically distributed or non-



[ID for short. This can lead to bias in the global model
or hinder convergence. Therefore, it is crucial for FL
methods to tackle the issue of statistical heterogeneity
and develop robust and efficient ways to aggregate
local models or gradients from various clients [3]-[5].
In FL, the data heterogeneity between two clients, i
and j, can be measured by comparing their respective
local data distributions, Pi and Pj. When conducting a
supervised task in FL, a client is chosen randomly, and
its local data distribution, Pi(xy), is used to extract
feature—label pairs from (xy) [6]1-[9].

From distribution perspective statistical hetero—
geneity is classified into the following classes. Label
distribution skew refers to the difference in label Pi(y)
distributions between different clients, while the Pi(x|y)
situation remains the same. This can occur when the
feature distribution is consistent across clients, but the
label distribution may differ. Label preference skew
implies that even when the feature distribution is
consistent across clients, i.e., Pi(x)=Pj(x), the label
distribution may be different for different clients, i.e.,
Pi(y|x)#Pj (y|x). Feature distribution skew occurs when
the feature Pi(x) distribution varies from customer to
customer, but the distribution of Pi(y|x) remains the
same. Feature condition skew occurs when feature
distributions may vary across clients i.e., Pi(x|y)#
Pj(x|y), even if Pi(y)=Pj(y), mainly related to vertical
FL which commonly performed in medical applications
for example. Label noise skew represents the
proportion of noisy labels contained, with varying
degrees of label noise due to differences in expertise
and input costs. Sample noise skew refers to the
varying levels of sample noise in each client's private
data, making communication between clients uncertain
and complex. Quantity skew refers to the large
difference in the guantity of different client data Pi(xy),
resulting in different data amounts.

3. Device Heterogeneity

In a decentralized FL setting, client performance can
vary due to differences in hardware, network
connectivity, and power. Client devices in federated
networks have varying computational capabilities,
network connectivity (e.g., 3G, 4G, 5G and Wi-Fi),
and power (i.e., battery level). This variability is due to
differences in hardware (e.g., CPU and memory),
network connectivity, and power. The training phase of
FL can involve multiple devices from different
generations, manufacturers, and types, resulting in a

network of heterogeneous devices with varying
computational abilities, memory sizes, and battery
capacities. As a result, the training period can vary
significantly across clients, and it is not effective to
treat all participants equally. To achieve optimal
training results, FL needs to consider the hetero—
geneous hardware configurations.

This heterogeneity arises from the generation of a
device as well, which significantly impacts its
performance in FL tasks. For instance, newer devices
have advanced hardware components, while older
devices may have limited resources and outdated
hardware. Manufacturers also influence device hetero—
geneity, with varying specifications, architectures, and
optimization techniques. This can affect how devices
handle tasks and interact with the system. Additionally,
device types, such as smartphones, tablets, laptops,
loT devices, edge servers, or specialized hardware,
also affect heterogeneity [10]-[14] .

4. Architectural Heterogeneity

Architectural heterogeneity is the use of different
types of hardware, software, or network components
in a system. It can have advantages such as increased
performance, scalability, reliability, and flexibility, but
also challenges such as increased complexity,
compatibility issues, and security risks. One way to
classify architectural heterogeneity is based on the
number of tiers or layers in a system such as 2-tier,
3-tier, and mixed architecture. A tier is a physical
platform where a layer of software operates, serving
as a logical component that performs a specific
system function.

A two-tier system may consist of user devices and
the central model aggregator, where a three—tier
model may have a small number of local model
aggregators placed between the user devices and the
central aggregator. Also, there can be a mixed
architecture that combines different layer architectures.
A 2—tier architecture is simple and easy to implement,
but it has limitations such as poor scalability, security,
and maintainability. A 3-tier architecture is more
complex and costly than a 2-tier architecture, but it
has advantages such as modularity, flexibility, and
maintainability. A mixed architecture is the most
complex and challenging type of architecture, but it
can also provide the most benefits in terms of
performance, scalability, reliability, flexibility, and
security.



5. Network and Communication Heterogeneity

FL is a decentralized machine learning approach that
uses networked devices to train models while keeping
data localized, addressing concerns about privacy and
data ownership. This section focuses on network
resource heterogeneity, which refers to the diversity
and variation in network components and capabilities.
With advancements in access network communication
technology, communication resource allocation has
become more diverse. In wireless communications,
the resources of heterogeneous access networks
include frequency, timing slot, space resource, and
radio power. Communication cost can vary depending
on the communication protocol, the network band-
width, the network latency, or the network reliability.
Communication cost can affect the performance,
scalability, robustness, and efficiency of the global
model, as well as the energy consumption and privacy
of the clients [15].

6. Model Heterogeneity

FL requires each client to use a local model with the
same architecture, aggregating network parameters
into a global model. In IoT applications, clients may
design unique local models due to individual
requirements and hardware constraints. Model
heterogeneity requires learning knowledge without
sharing private data or model structure information.
Transferring  knowledge between heterogeneous
clients is challenging, categorized into partial and
complete heterogeneity. Partial heterogeneity occurs
in real-life scenarios where some clients use the same
model structure while others do not. In this paper,
such a federated system is considered partial model
heterogeneity. A FL model is trained for each
isomorphic client subset. Common techniques like
weighted averaging can aggregate intra—cluster
models, but knowledge distillation is needed for inter—
cluster models. Complete heterogeneity is a type of
partial heterogeneity where structures of participant
models differ in a FL framework. This results in unigue
models for each client, potentially leading to high
learning costs and low communication efficiency [6].

7. Conclusion

we have examined the various
heterogeneity in FL. We have

In this paper,
manifestation of

explored statistical, device, network, communication
and model heterogeneity and discussed their impact
on FL performance. By understanding and addressing
these forms of heterogeneity, researchers and
practitioners can enhance FL systems efficiency, fair—
ness, and convergence. We conclude by emphasizing
the need for further research in managing hetero—
geneity and promoting the development of robust and
scalable solutions.
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Images
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Abstract

Segmentation of microstructures in steel images is crucial as it helps in assessing the quality and
strength of the material. Traditional and existing deep learning models often struggle to capture both
the textural details and structural patterns of the microstructures found in steel images. In this paper,
we enhance the structural representation of steel images by modifying the UNet3+ design, including
data processing, architectural modules, and a tailored loss function. Experimental results show that the
modified model is effective in distinguishing microstructures not only within the same steel type and
magnification, but also across different scales and steel types.

1. Introduction

The characterization of microstructures in steel is a critical
aspect of materials science, playing a crucial role in
determining the physical and mechanical properties of the
material [1]. The microstructural composition of steel
directly influences its strength, ductility, and overall
performance in various applications [2]. Consequently, the
precise identification and analysis of these microstructures
are essential for ensuring the quality and reliability of steel
materials.

Recently, deep learning approaches have been introduced to
automate this process. Despite their advancements, existing
deep learning models, such as standard convolutional neural
networks, have struggled to accurately capture the complex
textural details and diverse structural patterns found in steel
microstructures [3]. One of the primary limitations of these
models is their inability to handle the intricate variability
inherent in steel microstructures.

steel microstructure: SEM (left) and its labeled image (right).

As shown in Figure 1, the challenges are multi-faceted: blue
markings in the images illustrate regions that appear similar
yet belong to different phases; green markings highlight
areas with distinct textures and clear boundaries but of the
same phase; red dots signify parts that, despite seeming
similar, pertain to different phases; and yellow dots indicate
that the presence of boundaries does not necessarily imply
phase differences. Such complexities require a model to
learn both structure and texture.

To address these challenges, we employ UNet3+ [4]
architecture. The UNet3+ model is notable for its improved
multi-scale feature extraction capability, essential for
discerning subtle variations in the texture and structure of
steel images. The full-scale skip connections of the model
enable the integration of features across different layers,
providing a richer and more detailed representation.

In this paper, we enhance the structural representation of
steel images by modifying the UNet3+ design, including data
processing, architectural modules, and a tailored loss
function.

2. Refining UNet3+

2.1 Data Augmentation

We employ data augmentation to increase the diversity of
training images, including horizontal and vertical flips,
(0-90 degrees), scaling (1-2.5x),
brightness adjustments, gamma value alterations, histogram

random rotations



equalization, and sliding window operation. They simulate
varying orientations, magnification levels, lighting conditions,
and positional variances within steel microstructures.

2.2 Modifying UNet3+ for enhanced structural representation
To address specific challenges of microstructures in steel
images, we incorporate — atrous convolutions [5], blur—
pooling [6], and a broader kernel size of 7x7. Atrous
convolution allows the model to expand the receptive field
without losing resolution or increasing the number of
parameters. This is beneficial for capturing the subtle yet
critical variations in steel microstructures, where it is
important to preserve details at different scales. Blur pooling
layers were introduced in the model for reducing the spatial
resolution of feature maps while preserving
information, potentially enabling the model to identify larger—
scale patterns and mitigate overfitting. The usage of a larger
kernel size, such as 7x7, further aids in capturing broader
contextual information, enabling the model to better
understand and segment complex structural patterns that are
common in steel images.

critical

2.3 Combined Loss function

We use a combined loss function, which incorporates Focal
[7], Jaccard [8], and Multi-Scale Structural Similarity (MS—
SSIM) [9] losses specifically tailored to address specific

challenges encountered in steel microstructure segmentation.

Focal Loss tackles class imbalance, as it selectively
emphasizes the learning of underrepresented phases or
structures. Jaccard Loss is essential for precise boundary

delineation between different phases in steel microstructures.

MS-SSIM Loss concentrates on maintaining structural
integrity and texture similarity. It ensures that the model
captures the subtle textural nuances and structural patterns
unigue to each phase.

3. Experiments
3.1 Dataset and Experimental setup
The dataset comprised images of four different types of alloy
steel, each characterized by varying tensile strengths and
imaged at different magnifications:
e [E-type Steel: Tensile strength of 580 MPa,
magnifications of x2700, x3000, and x5000.
e A-type Steel strength  of 780 MPa,
magnification of x5000.
e D3-type Steel: Tensile strength of 980 MPa,
magnification of x5000.
e H2-type Steel: Tensile strength of 1108 MPa,
magnification of x5000.
The initial phases of augmentation, training, and testing

Tensile

used only the x2700 magnified E-type steel images. For
scalability experiments, we extended our analysis to include
images of x3000 and x5000 magnifications from E-type, as
well as x5000 from A-type, D3-type, and H2-type steel.

We used a learning rate of 0.00001 and the model was
trained for 30 epochs. We used the Rectified Linear Unit
(ReLU) [10] activation function since it is particularly
suitable for differentiating subtle differences in textures and
structures, thanks to its efficiency in handling non-linear
features without significant computational burden.

3.2 Results and Discussions

The results shown in Table 1 indicate that the modified
UNet3+ model outperforms its predecessors — UNet, UNet++
[11] in all the tested categories. Notably, in high—
magnification images (X5000 E-type, A-type, D3-type, and
H2-type), the modified UNet3+ model demonstrates a
significant improvement in both MPA and Dice scores,
indicating superior segmentation capability.

TABLE |. Performance of UNet, UNet++ and UNet3+ across
different magnifications and types of alloy steels.

X3000 E- X5000 E-

Models A-type D3-type H2-type
type type
UNet 58.85 28.82 46.29 39.9 44 .48
e
(0.5743) (0.2768) (0.4601) (0.3842) (0.4292)
72.01 80.49 68.29 54.73 64.54
UNet++
(0.7076) (0.8028) (0.6793) (0.5361) (0.6338)
Stock 78.89 81.04 66.31 73.28 70.12
UNet3+  (0.7605) (0.7932) (0.6490) (0.7272) (0.6949)
modified 79.30 89.51 74.37 78.24 76.18
UNet3+ (0.7809) (0.8895) (0.7293) (0.7692) (0.7471)

The modified UNet3+ model demonstrates an enhanced
ability to discern and segment complex microstructures,
addressing the initial challenges. The model effectively
handles variations in scale, contrast, and the intricate nature
of microstructures, which were previously problematic for
standard models. Figure 2 shows qualitative segmentation
results, where the modified UNet3+ model accurately
identifies phases and boundaries that were ambiguously
represented in the original images. The model's performance
in distinguishing between
correctly identifying phases with clear boundaries is
particularly noteworthy. Moreover, the adeptly
navigates areas with deceptive similarities and correctly

similar—looking phases and

model

interprets boundary presence, which are crucial for accurate
phase identification.



@) (b)

Figure 2. (a) is the input SEM image into the model (b) is the target label image (c) is the inferenced image of the modified
UNet3+ model. The label colors purple, orange and yellow correspond to bainite, ferrite and martensite respectively.

4. Conclusions

Based on the research, it can be stated that the use of
UNet3+ architecture for microstructure segmentation in steel
images results provides performance improvements over
previous models. The adaptation of UNet3+ by incorporating
atrous convolutions, blur-pooling and a broader 7x7 kernel
size showed superior performance. The implementation of a
combined loss function in our model facilitated the leaming
of both structural and textural aspects of various steel
phases. The scalability experiments conducted across
different magnifications and steel types (E-type, A-type,
D3-type, and H2-type) have further validated the robustness
and versatility of the UNet3+ model. These experiments
underscore the model's capability to adapt to and accurately
segment complex microstructures. There could be various
other challenges including the impact of steel surface
treatments, presence of microstructural defects, that could
hinder the segmentation capability of the model. These
challenges could serve as prime focuses for future work and
related studies.
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