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1. Publications

« 1-1. Topological and Sequential Neural Network Model for Detecting Fake News
- |EEE Access
- Dongin Jung, Eungyeop Kim, and Yoon-Sik Cho

* 1-2. Detecting Documents With Inconsistent Context
- |[EEE Access
- Dongin Jung, Misuk Kim, and Yoon-Sik Cho

« 1-3. Automatic Conversation Turn-Taking Segmentation in Semantic Facet
- International Conference on Electronics, Information, and Communication (ICEIC) 2023
- Dongin Jung, and Yoon-Sik Cho
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« 1-5. Video Retrieval with Tree-based Video Segmentation
- International Conference on Database Systems for Advanced Applications (DASFAA 2023)
- Seongmin Kang, Dongin Jung, and Yoon-Sik Cho

* 1-6. Exploiting Component Information with a Context-based Language Model for Effective Bug Triage (in preparation)
- Dae-Sung Wang, Dongin Jung, Hyun-Taek Hong,Yoon-Sik Cho, and Chan-Gun Lee

« 1-7. Joint Contrastive and Supervised Learning in Human Activity Recognition (in preparation)
- Dongin Jung, Jaehyeok An, and Yoon-Sik Cho


https://ieeexplore.ieee.org/document/10363175
https://ieeexplore.ieee.org/document/9875276
https://nbviewer.org/github/dongin1009/semantic_turn_taking_segmentation/blob/main/Automatic_Conversation_Turn_Taking_Segmentation_in_Semantic_Facet.pdf
https://www.eiric.or.kr/KeyDocs/tmp/2813-2816.pdf
https://link.springer.com/chapter/10.1007/978-3-031-30675-4_29

1-1. Topological and Sequential Neural Network Model for

Detecting Fake News

« 7|%4: Fake News FI}9| topologicalz} sequential information= d¢&
- G4l 7] hierarchical GNN, supernode, time-decay edge score
o FAO|2MIRXIE gutMo 2 RHEIZISE)| I8l sequential, topological informations &85l 71X} 54 &HX|

« supernodez2| |0|Q= HMIOIE

« = 9349| information= AeH 7| & baseline CHH| 7[R A EFX| g%

https://qithub.com/dongin 1009/TSNN-DFN

TABLE 2. Fake news detection performance of TSNN and baselines. The
evaluation results denoted as | are brought from the original paper
because of cannot be reproducible.

215l leafGAT, temporal-decay GCNQE 2CH|19] AIE= GNNE H|ot
o LA HMut 2Mol| W2t TransformerE £3t sequential feature =

spat

PolitiFact GossipCop
Model Accuarcy  Fl-score | Accuarcy Fl-score

TSNN (ours) 92.15 92.11 97.91 97.88
UPSRT [28] 91.4 91.0 97.7 97.6
UPFD-SAGE [27] 79.75 79.71 97.45 9743
UPFD-GAT [27] 81.27 81.25 97.38 97.35
UPFD-GCN [27] 82.78 82.71 97.51 97.48
Bi-GCN [26] 82.53 82.45 96.84 96.80
GCNEN [25] 84.81 84.78 95.48 9542
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1-1. Topological and Sequential Neural Network Model for
Detecting Fake News

’ 7|01 Fake News HI}2| topologicalZ} sequential information= Z2¢
« (TABLE 3) topological information layer2| time-decay scoreE =745}11
« (TABLE 4) sequential information layerQ| HEQ|3 X E HA|
« H|QtSE TSNNQ| 2 XIt & Q49| information2 gfMOo 2 232 HQ,

TABLE 3. A comparative analysis of the variants of the time-decay TABLE 4. Our ablation study demonstrates the impact of different model
function in our time-decay GCNs module. It emphasizes the impact of components on the overall performance of the TSNN model. Key findings
changes in time unit and graph depth on the model’s performance, with show the superior performance of the 2-layered encoders-decoders
minute-based decay offering optimal performance. transformer in capturing sequential information.
PolitiFact GossipCop PolitiFact GossipCop
Model Accuarcy  Fl-score | Accuarcy  Fl-score Model Accuarcy  Fl-score | Accuarcy  Fl-score
minute-based 92.15 92.11 97.91 97.88 seq-transformer
(w/ Depth divide) 90.62 91.09 97.25 97.27 (2 enc-2 dec) 92.15 92.11 97.91 97.88
second-based 92.01 91.87 97.85 97.82 (3 enc-3 dec) 90.38 90.31 97.01 96.98
(w/ Depth divide) 91.14 91.10 97.79 97.81 (4 enc-4 dec) 89.37 89.34 97.10 97.07
w/o time-decay 89.62 89.59 97.25 97.21 (4 encoders) 91.65 91.61 97.44 97.41
(w/ Depth divide) 90.81 90.59 97.34 97.30 seq-LSTM 91.39 91.34 97.09 97.05
seq-GRU 91.14 91.10 97.05 97.01
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1-2. Detecting Documents With Inconsistent Context
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https://qithub.com/dongin1009/GraDID
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FIGURE 2. Overview of our GraDID model structure applied to inconsistent document. Sentence embedding layer encodes n sentences to n
fixed-sized(d dim) vectors by sentence-transformer model. Graph neural network layer performs propagating information between nodes

and makes supernode V. The edges have a attention score « between nodes. Classification layer classifies the supernode V through

two-layered MLP.
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Target Candidate Result
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FIGURE 3. Our sentence substitution rules with some conditions. Left
(blue) article is selected as target article, middle (yellow) article is chosen
as candidate. These have different writing date with at least one common
class code. We substitute 30% of the longer articles sentences with those
from the shorter article. The substitution term is considered article’s
sentence length.
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1-2. Detecting Documents With Inconsistent Context
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TABLE 2. GraDID with two variant sentence embedding models and two
embedding-levels are compared to previous models on NEL.A17 dataset.
We report the average scores from five runs with different random seeds.
1 denotes our reimplementation following the previous models with their
settings, while other baselines are reported using their results.

TABLE 3. Proposed GraDID with two variant sentence embedding models
in the YH-News dataset. Reported values are average values of five
random seed results.

NELA17 Dataset YH-News Dataset
Model Accuracy [ AUROC Model Accuracy | AUROC
GraDID-paragraph GraDID
w/ all-roberta-large-v1l || 0.815 4 0.003 | 0.896 £ 0.003 w/ sentence-KLUE-RoBERTa || 0.886 + 0.001 | 0.954 £ 0.001
w/ all-mpnet-base-v1 0.810 £ 0.005 | 0.890 £ 0.004 w/ KoSentenceBERT 0.880 £ 0.001 | 0.949 £ 0.000
GraDID-sentence w/ LaBSE 0.850 + 0.002 | 0.926 £ 0.002
w/ all-roberta-large-v1 0.774 £+ 0.004 | 0.853 4+ 0.005
w/ all-mpnet-base-v1 0.767 £ 0.004 | 0.848 £ 0.004
POSHAN [19] 0.765 0.783
GHDET [37] 0.759 + 0.014 | 0.842 4+ 0.017
MuSeM [18] 0.752 0.769
AHDE' [38] 0.757 £ 0.018 | 0.832 £ 0.019
BERT-Sent Pair 0.677 0.683
POSAt 0.648 0.669
LSTM 0.642 0.663
SVM 0.622 0.637
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1-3. Automatic Conversation Turn-Taking Segmentation in
Semantic Facet
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TABLE 1I
PERFORMANCE OF THE MODELS IN MULTIWOZ AND DAILYDIALOG.

Model

MultiWoZ

DailyDialog

Ir

R

P

F1

Ir

R

P

F1

GRU

le-3

21.5

63.2

32.0

le-4

28.7

58.1

384

LSTM

le-3

339

65.7

44.7

le-4

32.1

59.9

41.8

GPT-2

le-5

68.4

70.9

69.7

le-4

60.7

62.9

61.8
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Fig. 2. A pipeline of token-level turn-taking segmentation. Input X is tokens from the tokenizer, and the model predicts in each token level whether the
token is end-of-turn or not. In the current time point prediction, the future time point tokens are not used.

actual conversation

GRU

LSTM

GPT-2

1 need train reservations from nor wich
to cam bridge //

i have 133 trains matching your request
is there a specific day and time you
would like to travel //

id like to leave on m onday and arrive
by 1888 //

there are 12 trains for the day and time
you request would you like to book it
now //

before booking i would also like to know
the travel time price and departure time
please //

1 need train reservations from nor wich
to cam bridge i have 133 trains matching
your request is there a specific day and
time you would like to travel // [70.31%]
id like to leave on m onday and arrive
by 1880 // [71.35%]

there are 12 trains for the day and time
you request would you like to book it
now // [72.77%]

before booking i would also like to know
the travel time price and departure time
please // [74.53%]

there are 12 trains meeting your needs

1 need train reservations from nor wich
to cam bridge // [89.71%)

i have 133 trains matching your request
is there a specific day and time you
would like to travel // [93.78%]

id like to leave on m onday and arrive
by 180@ // [88.87%]

there are 12 trains for the day and time
you request would you like to book it
now // [72.22%]

before booking i would alse like to know
the travel time price and departure time
please // [85.21%]

i need train reservations from nor wich
to cam bridge // [54.12%]

i have 133 trains matching your request
is there a specific day and time you
would like to travel // [73.99%)]

id like to leave on m onday and arrive
by 1860 // [70.06%]

there are 12 trains for the day and time
you request would you like to book it //
[57.14%]

now // [87.52%)

before booking 1 would also like to know
the travel time price and departure time

thanks so much // [52.68%]

Multi |there are 12 trains meeting your needs |with the first leaving at 85 16 and the |there are 12 trains meeting your needs |please // [88.65%]

WoZ |with the first leaving at 85 16 and the |last one leaving at 16 16 do you want to |with the first leaving at 85 16 and the |there are 12 trains meeting your needs
last one leaving at 16 16 do you want to | book one of these // [63.79%] last one leaving at 16 16 do you want to |with the first leaving at @5 16 and the
book one of these // no hold off on booking for now // [71.62]| book one of these no hold off on booking | last one leaving at 16 16 do you want to
no hold off on booking for now can you |can you help me find an attraction for now can you help me find an book one of these // [78.43%]
help me find an attraction called ¢ in called ¢ in ewWorld cinema yes it is a attraction called ¢ in eworld cinema yes | no hold off on booking for now can you
eworld cinema // cinema located in the south part of town [it is a cinema located in the south part | help me find an attraction called c in
yes it is a cinema located in the south |what information would you like on it // |of town what information would you like |eworld cinema // [71.26%]
part of town what information would you |[71.98] on it // [91.95] yes it is a cinema located in the south
like on it // yes that was all i needed thank you very | yes that was all i needed thank you very |part of town what information would you
yes that was all I needed thank you very | much thank you for using our system much thank you for using our system like on it // [87.85%]
much yes that was all i needed thank you //
thank you for using our system [68.45%]

very much // [65.44%]

thank you for using our system
do you have maps of downtown area // do you have maps of downtown area yes do you have maps of downtown area // do you have maps of downtown area //
yes here you are // here you are how much is it // [56.63%] |[72.55%] (80.61%]

Daily |ow much is it 7/ its free // [57.91%] yes here you are // [68.82%] yes here you are // [73.11%]
its free of charge // of charge // [58.73%] how much is it // [71.82%] how much is it // [52.79%]

Dialog | thanks so much //

its free of charge // [67.17%]
thanks so much // [68.81%]

its free of charge // [64.57%]
thanks // [58.66%]

so much // [74.88%]

Fig. 3. Sample turn-taking segmentation output of models. Blue probabilities are denote turn ending probabilities,

and reds denote incorrect predictions.
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« 7]10q: oI=20{ Language ModelZ AlE

ot Ko-CLIP
cli4l 7= multimodal contrastive learning, prompt
Language-Image 42 contrastive learning2 2
ot&ot CLIPC| Language IIEQ| transformerg
o0 EEZ CA

Cl|O|E{AI0] 94X{5] M2 ot=0] H|AE-O|0|X| A=
2upH O 2 ot5517| 2l8l language 2RO =
KLUE-RoBERTa-Large, visual 220 2+2}

Vision Transformer(ViT)2} ResNet2 Al

CIFARS| ot=20f EIAE0f| Prompt Engineering £
V1:'0|Z2 {text}O|C}.

V2:'0| U2 {text}2| AtZIO|CE
https://github.com/dongin1009/Ko-CLIP

Eatll
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sut2t7|
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3 1. 3= CIFAR dlo]g Al Al Z-AF 57 A
CIFAR-10(Korean) CIFAR-100(Korean)
Top-1(%) | Top-5(%) | Top-1(%) | Top-5(%)

ViT-ver 88.75 99.49 34.26 60.29

ResNet-ver 59.37 95.75 21.08 44.85
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1-5. Video Retrieval with Tree-based Video Segmentation

+ 7|0{: H|C|Q 2 X0 A HIC|E maj|o! eistol| TYSsH B -
« o4 J]=: multimodal learning, video segmentation
H|C|-EIAE HMO|A T2 =S mean-poolingsl HIC|2E E3SH= &Al0] O w{

H|C| Qo] BT 2 J|HOR sub-tree videoE JHT HAIZ Hiot | “
HAE 2|0 hE H|C|R

=2 X
= Xil—

Recall I} X|HE0j|A

?|& mean-pooling CiH| getot HA AntE 2

Table 1. Text-to-video retrieval performance on MSR-VTT [35] dataset with 7k-training data
through data division of [25]. We compare with original CLIP4Clip [24] with two video ag-
gregation methods. The meanP performs mean-pooling over images (parameter-free), and the
seqTransf uses mean-pooling to aggregates frames obtained through transformer structure. For
the performance metric, higher R@k is better, and lower MnR is better. The best performance is
bold and the second best is underscored.

Methods meanP seqTransf

R@11t R@57 R@101T MnR| [[R@I11 R@51 R@10T MnR|
CLIP4Clip [24] 43.6 685 789 17.2 || 425 69.0 789 17.9
Ours (Div2) 43.6 694 793 165 || 429 695 80.1 158
Ours (Div4) 43.6 698 79.7 155 | 43.7 695 804 165
Test in Global(Div2) || 43.5 684  78.7 17.7 || 422 68.7 785 17.8
Test in Global(Div4) || 42.7 689  79.5 16.6 || 429 688 788 17.6
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Fig. 3. Tree-based video segmentation and its global-local aggregation method
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Fig. 1. The overall structure of proposed model based on CLIP4Clip [24]. Our methods are high-
lighted in a box with dotted lines, where other modules are borrowed from CLIP4Clip [24]. The
content in parentheses is the dimension of the video. The output for final learning uses the con-
cept of multiple choice learning to become a specific subset of video judged to have the most
significant similarity to the text within the batch size.
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1-6. Exploiting Component Information with a Context-
based Language Model for Effective Bug Triage

- 7|0§: SW O|#+ 2|EZEQ| component featureE At2s 1 St} XH= of|F
« ol Jl=: component embedding, Pretrained Language Model
« O|# 2|XEQ| textual feature(title+description)& BERTE Al2dl developer(BHYXhE &
« BERT H|E 0| component feature2t component embedding= F7t¢t ‘Comp-BIAR" 22 X2t
« 7|& word embedding based model CHH| developer assignment 45 &4
« component2t developerZtQ] 422 24

Table 3: Summary of experimental results on previous and
new issue datasets.

Source | Dataset | Method R@1 R@5 R@10
DBRNN-A 28.61 55.28 66.42 ; Title [CLS] Title [EOT]| Description | [SEP] ]
DBRNN-A(GN) 1537 31.84 40.91 Qe , Pretrained cLs F A
Core BIAR 3437 6111 71.28 E g . — [CLS]J |Jenkins...Clones | [EOT] | Currently...slow | [SEP] La&ggz%e Ed Vector > v c V
i 0 escription
Mani et al. [13] Comp-BIAR 37.57 65.73 75.54 i [CLS]| tok,..tok; |[EOT]| toki,..tok; |[SEP] y
DBRNN-A 28.46 5742 68.90 fraeeeas
. DBRNN-A(GN) 2212 4582 57.22 e — R
F:refox BIAR 3268 62.01 73,88 i Title [CLS]| Component |[EOT] Title [EOT]| Descripton |[SEP] N g
Comp-BIAR 35.88 67.20 77.87 13 n<: [CLS] SWT [EOT] | Jenkins...Clones | [EOT]| Currently...slow | [SEP] Language |+ Vgl(;tir > v F A
Q= :
- S o Descripti _r Model i
DBRNN-A(GN)  50.64 7116  77.67 g o esenpon [CLS]| toky .oy |[EOT]| tokiss ..cok; |[EOTI|cokyss ..ok | [SEPT c ~
Platform | BIAR 6034 8113  87.81 i3 B ] y
T O Se—————
Comp-BIAR 61.25 85.16 92.45 t 7 T component | [ GE- taver pm— I =
[ DBRNN-A(GN)  67.43  88.95 93.55 it e ' Matrix
Wang et al. [20] | poyndation | BIAR 7430 9299  96.82
Comp-BIAR 83.94 96.53 99.02
Figure 3: The structure of BIAR and Comp-BIAR. "C.E. layer: Component Embedding layer
DBRNN-A(GN) 3193 60.89 72.33
Firefox New | BIAR 54.24 7576  82.95
Comp-BIAR 57.73 81.67 88.76
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1-7. Joint Contrastive and Supervised Learning in Human
Activity Recognition

« 7|: Supervised Contrastive Learning2} Supervised Learning= 2%

« oH4l J|=: Supervised Contrastive Learning

« LHo| representation= Z2tot?| £l supervised contrastive learning(SupCon) =Y

« J|& SupConO| contrastive learningZ} supervised learning2 2-stage& &t&ot A1t S|
= Sk HEALS ZBHH S A|0f| SH&3H= Joint SupCon HHAlS XjoF

H o112 EI:I

- H|=3Fhuman activity AlO|2| 1ES O Fe5| & = USS EY

* https://github.com/dongin1009/joint supcon_har Classification Layer
Table 2. Performance comparison of our methods on a PAMAP2 dataset. We report nput Classified Feature — Label
the averaged accuracy and fl-score for five distinct random seeds. X1 Uy N e Y1
PAMAP2 i i L 7
Model Original SupCon Joint SupCon b Encoder Up LI | Vb |
ACC | F1 ACC | F1 ACC | F1 : : P ——— K
M1 ||91.1640.12|90.9540.14]|92.02+0.36|91.7510.38|| 91.8040.40 | 91.5840.50 Xp ug Vg p—————+ Vg
M2 [[95.65+0.24]95.4540.30|| 96.1240.25 | 96.0240.25 ||96.36+0.19|96.1610.21 —
M3 ||97.2210.50|97.1240.53]| 97.5140.27 |97.3340.25||97.8010.12| 97. 114017 .
Contrastive Layer
Contrastive Feature S Label
Table 3. Performance comparison of our methods on a WISDM dataset. We report v ci1 B8 cip o 21;__ Y1
the average and standard deviation of accuracy and fl-score for five different random R ——————1 —
seeds in each model. Ve qu_l_ciz__‘zfi :'_52_3__ Y2
VISDM Yot « vy |Va|vp || Ve| = |Coa|Ch2| o] = [com Vb
Model Original SupCon Joint SupCon Vg : _i___‘_ B
ACC | F1 ACC | TF1 ACC | F1 cgi| 11| cay| | CaH VB
M1 (|93.6310.65(91.35+0.50([91.3240.36|88.0540.25|| 93.6240.95 | 91.1141.11
M2 || 90.97+0.65 | 87.4040.97 |91.3340.22|88.37+0.46(/92.4610.50|89.78 10.82
M3 || 95.6510.30 | 94.21 1051 ||97.0540.40|96.081+0.47(|97.2310.25(96.44 10 41 Fig. 2. Overview of joint contrastive and supervised learning method. Our method

comprises the encoder, contrastive layer, and classification layer.
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1-7. Joint Contrastive and Supervised Learning in Human
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- HEEAD| S HoLe
-2021.03 ~2021.12

« 2-3. Polyglot: Multilingual Large Language Models
- EleutherAl Z2ME: Polyglot - Romance group
-2022.10 ~ gz

« 2-4, KR3: Korean Restaurant Review with Ratings dataset
- DIYA Sof2| Z2HE
-2021.04 ~ 2021.12

« 2-5. Development of an Online Learning Management System

- HEThistul AT EYO{SSTAIR T LiE 2bx|
- 2020.06 ~ 2020.12
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 Text Fake News Detection
o I|0§: IIMIRAE U2 EUX| HA, 52| HE LA 201X K802 Holsl EIX| WS H|ot

-L'|-r| MHE = A EFX] (Non-Fact News Detection)
Fake News(Non-Fact News)2} Real News= SNSE =99
- Al 7|4 GNNE S8 #itol R HRE, bi-GRUS S8l 24to| A2t Hreg mua
« User Preference-aware Diffusion Structural and Temporal (UPDST) fake news detection model |2t
« HXA MHO|| leafGNN2} supernodeE &84l 7|& BRI CHH| O g2 452 B

Soll XS0 2titEl= Y0 THE

Model PolitiFact
¢ Accuracy | Fl-score | AUROC —— - - -
TPDST (ours) 38.61 38.54 96.22 News Diffusion Modeling Temporal Information Classification Layer
UPFD-SAGE [4] | 8228 | 8228 | 89.81 o o .6.6.6.6.06.06
UPFD-GAT [4] 84.81 84.81 88.27 466641
UPFD-GCN [4] 86.08 86.07 | 92.63 O —U——u—u—o—an—-o— “
News { i
Bi-GCN [1] 83.54 83.53 89.68
GCN-FN [14] 87.34 87.34 92.37
Structural Information
GossipCop ------- Graph Attention Net =,
Model Accuracy | Fl-score | AUROC
UPDST (ours) 97.00 | 96.96 | 98.54 u u u g Cropn Convalonsi el / | \ —LG
UPFD-SAGE [4] || 96.71 96.67 | 99.18 (0 U U -t S
UPFD-GAT [4] 95.75 95.70 98.78 ‘ /\ ‘ | /\ 1
UPFD-GCN [4] 97.00 | 96.96 | 93.72 u u u u D0 OO O @a
H b 5 6 /A 4 5 6 7
Bi-GCN [1] 96.56 96.52 98.99 i PN
GCN-FN [14] 96.63 96.59 98.90 g
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« O|0|E] 0] M2 ZX|E ol{Zot2| fIsl feature analysis & ML 22 2 classification
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2-3. Polyglot: Multilingual Large Language Models

- $F=20] text generation model 7 - Korean Pretraining Team (ZIi%)
* 7]%{: Polyglot 22| ot=0{ H|O|E] TX{2| TIH
- 24 D= token count-based dataset curation, pySpark
+ LLM gt&0] HastOo|o|H Fd
« 02| FA2| tokenizer EZ I 7|4 H[O|E] =&
 polyglot-ko-v2 HIZE SHZ D& k& o

« Ct=20] text generation model 7% - Romance language group

« 7|04: C}=x0{ & X| 5= Polyglot 22| Romance language (Spanish, French, Italian, Portuguese,
Romanian) 150 &3l H|O|E =& 3 HX{2| Tl

« o4l D= Data collection & preprocessing

« AT AIY 2|= NLP QX}, I UKL Y 71y

« GPT-NeoX 71X 7|%I2| text generation model 7% oH

« Korean, East Asia, Romance ¢10{ H&2| E7 & 42| E language model2| 2EHAIAM &M ofd
* https://github,com/EleutherAl/polyglot-data
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2-4. KR3: Korean Restaurant Review with Ratings dataset

- Distribution
- ot= Sk 2| HIo|E 13
label |
+ 7lof: BE A%H B0 2lH I WA Co|EIS IBYH L 2% 327 HlolE 75 TR
0 (Negative) 70910
* https://github.com/yejoon-lee/kr3
1 (Positive) 388111
. e . 2 (Ambiguous) (+182741)
« Task-Adaptive PreTraining & P e—

cli4] 7= Task-Adaptive PreTraining, Data Analysis
BERTE o= 2|F HIO|E 2 37} at&3ll 2] domain?| taskE & +~SI=E representation Z&}

CIZ task 2|5 H|O[E{Q] NSMC(3}), Naver Shopping(£), Steam(H Q) C|O|E{AI RISt cross-task2 3}
pretraining % sentiment classification fine tuning =%

pretraining Cl[O|E{7} cross-task Y0 = 7} pretraining2 8t Do FENY 25 HetrItH 32 &9

O -

Effect of additional pretraining

fine-tune

\ KR3 NSMC
additional pre-train

F1 (macro) Acc. F1 (macro) Acc.
no pre-training (original bert) 0.8709  0.9348 0.8616  0.8617
KR3 - - 0.8748  0.8749
NSMC + Naver Shopping + Steam 09325 0.9653
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2-5. Development of an Online Learning Management

- WLH 2201 2o LMS Z3=E 1=
« 7|04: A=L{19 HICHH Yo 2to = 2101 Zo|o =8 FIt0| U2} wli EZS AMH|AT =
« SiH J|=: moodle EEHE S 7|HIO 2 HAEOIO|Z 43l
« Apache Tomcat, PHP, MariaDB, HTTPS/SSL
- AMH| A2} HE HOF F|9fF I, RO HAE, RX[E+ S 8

https://swpride.wku.ac.kr/
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3-1. AIZIROHQIS QI3 B4 MR A AR

e O A

STTE M85t seq2seq M
E5=2 H10-2021-0020237%

« J|E AME AARIO| seq2seq L XO|M =2 Choj|
Speech to-Text(STT)2} Text-to- Speech(TTS) Al

= H
A|ZHEHO01 = 240 2 AFRO| JHs s A A| AHEI of0|C|0] H|Qt

—_ A A

* https://patents.google.com/patent/KR20220116859A

Dongin Jung

ERANAZYS

=2Ecod

CERTIFICATE OF APPLICATION

4 g H3EY FOoHS =
EWL Name JUNG, Dong In Residence No
A
- F oA . e s -
q4 g HE FoHS
2EI Name JUNG, Dong In Residence No -
Inventor
F o4 - Hawas B
a4 i Helel MS [9-2009-003764-1
o2l e
Agent = o4 . (ot
. - Ol I e)
EFH = 56]-2021-0020237 =8 2N [20219 028 16%
Application Number | PATENT-2021-0020237 Filing Date | FEB 162021

¥ (Ienol 2.
CIeIS T8 25,
HEMHAYE AL

Title of Invention,
Product(s) Embodied
in Design, or
Classification of Mark

MAHPIS I8 S4 AT AL o A
VOICE CHATBOT SYSTEM AND METHOD FOR THE VISUALLY IMP

AIRED

= = HEE IPCER G10L 15/22
HEHZ&H HEHEY
HMNHEIRR Y MANE AT 20214 023 168!

2 OMaES SYaE,
This is 1o certify that the above applicant has filed as stated in this certificate at the Kore
an Intellectual Property Office

20221 128 23Y

s o &

B BH O Xl ww kp:ls rjf MHI.SWH R HSE BN BIVE
& I RE WM ISR

P Ei= FHLY HIZES WS

22


https://patents.google.com/patent/KR20220116859A

3-2. ADIE 312 &X|
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Thanks for your attention.
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