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Knowledge Engineering & Artificial Intelligence Laboratory

VISION
1.	Innovative	applications	of	AI	&	KE
2.	Artificial	intelligence/deep	learning
3.	Natural	language	Q&A/chatbot
4.	eXplainable AI	(XAI)/few‐shot	learning

• Intelligent	personal	assistant
• AI	planning	and	scheduling
• Recommender	systems
•Medical/health	informatics
• Clinical	decision	support
• Smart	energy	demand	forecasting
• Industrial	appl.	of	eXplainable AI	(XAI)

• Text	mining	&	topic	modeling
• Social	trends	analysis
• Sentiment/emotion	analysis
• Intent	recognition
• Vision	&	activity	recognition
• Deep	learning	architecture

• Natural	language	Q&A
• Temporal	info.	extraction
• Natural	language	paraphrasing
• NL	interaction	&	Chatbot

Intelligent
Language
Tech.

Applications	
of	AI	&	KE

Artificial
Intelligence,

Deep
Learning
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Knowledge Engineering – Research Overview
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Research Projects
- 엑소브레인 국가AI전략과제
- 한전 인공지능 클러스터 거점대학
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자연어 심층
이해 및 학습 기술

자율학습 기반
지능진화형 QA 기술

신규언어지식 적응형
학습 기술

온라인 무한학습
언어지식 프레임워크

단어 의미 애매성 해소

통계기반 학습용
언어자원 관리/검증

형태소 분석 기술 개체명 인식

구문분석

시공간 정보 추출

시맨틱 프레임 추출

개체간 generic 
관계추출

하이브리드
참조해결

대용어 탐지 및 복원

속셩별 감성분석 세부분류 감성분석

정답 유형 인식

질의가설 추출/
인식

사용자모델, 문맥 기반
질의 신뢰도 분석

자연어 질의 분류

자연어
질의분할

질의 엔티티
시맨틱프레임 생성

최적응답전략 생성기술

정답후보 multiple 
hypothesis 생성

정답 합성 및 융합

엔티티 유형
추론

다중 지식베이스 기반
정답 근거 제시

이질소스 기반 정답후보
생성

다중증거 기반
정답추론/신뢰도 측정

다중정보 색인/검색

QA지식 자율학습 기술

신규개발개선

엑소브레인(Exobrain) 국가AI전략과제
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한전 인공지능 클러스터 – 거점대학

사업명 XAI	(eXplainable AI)	기반 스마트 에너지 플랫폼 기술 개발

사업기간 2018년 1월 1일 ‐ 2020년 12월 31일

개발목표 첨단 인공 지능 기반 스마트 에너지 플랫폼 고도화 기술 연구 개발



77

eXplainable AI (XAI)
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Explainable Image Caption Generator Using Attention and 
Bayesian Inference 
 Research	objective:To design and develop an image	caption	generator	which provides	an	explanation	why 
specific	words	in generated caption was selected. 

 Results:	 Implement a novel image caption generator, explainable	image	caption	generator, providing a 
visual explanation by mapping some words in generated caption and regions in given image 

`18.08

• Seung-Ho Han and Ho-Jin Choi, “Explainable Image Caption Generator Using Attention and Bayesian Inference”, The 5th Annual Conference on Computational Science & Computational Intelligence, 
December, 2019.

• Seung-Ho Han and Ho Jin Choi, "An eXplainable AI (XAI) Approach to Image Captioning”, The 3rd Asian Conference on Artificial Intelligence, July. 2019.

The 5th Annual Conference on Computational Science & Computational Intelligence  (CSCI 2018)

Contributions
1. Design an explainable image caption generator 

that generate a caption with visual explanation 
2. Show great performance compared with other 

caption generators, despite providing 
explanation for generated caption

Seung-Ho Han, et al.

<Model architecture> <Qualitative and quantitative results >
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Rich and Explainable image caption generator Using 
Visual-Semantic Attention with Relationships 
 Research	objective:To design and develop an image caption generator which provides	an	explanation	why 
specific	phrases	in generated caption was selected. 

 Results:	 Implement a novel image caption generator, rich	and	explainable	image	caption	generator, 
providing a visual	explanation	by	mapping	some	phrases in generated caption and regions in given image 

`19.02

• Seung-Ho Han and Ho-Jin Choi, “Rich and Explainable Image Caption Generator Using Visual-Semantic Attention with Relationships”, The IEEE International Conference on Big Data and Smart 
Computing, February, 2020.

The 6th IEEE International Conference on Big Data and Smart Computing (BigComp2020)

Contributions
1. Design a novel image captioner that 

generate a caption using visual and 
semantic information

2. Design an image-phrase embedding 
model for a given image 

3. Provide a visual explanation for 
generated caption and show a good 
results compared with others

Seung-Ho Han, et al.

<Model architecture>

<Qualitative and quantitative results >
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Deep explanation with Generative Adversarial Networks 
and Knowledge Graphs  
 Research	objective:To design a novel explainable model  finding portions of the input that influenced the 

inference result
 Key	technologies:	Layer-wise Relevance Propagation(LRP), Deep Taylor Decomposition(DTD), Generative 

Adversarial Networks(GANs),  Knowledge Graph Embedding

On-going

<Conceptual model architecture>

Key	idea
• Find portion	of	input	data	which	is	contributing	to	
predict	the	output	based on activation and gradient 
values computed during training step 

• Generate	images	for	important	hidden	units that 
contributed to the prediction by using GANs

• Provide	relationships	among the important hidden 
units through knowledge	graph	
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Image Caption Generation Using Phrase Embedding and 
Domain-specific Ontology
 Research	objective:To improve a performance of captioning by utilizing a domain-specific ontology together  

with relationship information generated from phrase embedding
 Key	technologies:	End-to-end Image Caption Generator, Image Feature-Phrase Embedding, Ontology 

On-going

Output:	(person, wear, helmet),
(person, wear, shoes),
(person, stand, road) 

Domain‐specific phrase:
(worker, wear, safety_helmet)
(worker, wear, safety_shoes)
(worker, stand, construction_site) 

Caption :	“Group of people wearing a 
helmet and shoes stand in 
a road”

Domain‐specific	caption:
“Group of workerswearing  a 
safety	helmet		and shoesstand 
in a construction	site”

Image	feature‐phrase	embedding	
based	relationship	generator

Multi‐attention	based	
Image	caption	generator

Domain‐specific	
input	image

Domain‐specific	ontology

Transform	phrases	and	caption	using	domain‐specific	ontology	
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Natural Language Processing
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Extracting Temporal Relationships from Korean Language
 목표: 양방향(bidirectional)딥러닝모델을활용한자연어문장의시간관계정보(temporal	relationships)추출
 독창성: 한국어시간관계분류에대한 fine-tuning task 설계
 결과: 문장단위시간관계분류정확도(accuracy) 67% 수준달성

`19.07.07. Chae-Gyun Lim, et al.

Chae-Gyun Lim, Young-Jun Lee, Dongkun Lee, Ho-Jin Choi, “Extracting context-aware temporal relationships for language understanding based on deep bidirectional language model”, The 3rd Asian 
Conference on Artificial Intelligence Technology (ACAIT 2019), Chongqing, China, Jul. 7 (ACK Exobrain)

Architecture	of	Temporal	Relationship	Extraction	Model

• Input: A single sentence written by natural language
• Output: Relation type of TLINK tags 

- Classes: BEFORE, AFTER, INCLUDES, DURING, BEGINS, ENDS, IDENTITY, SIMUTANEOUS, 
and NONE

Example	of	Temporal	Information	Extraction

I plan to study for three days. She eats a meal after the final exam.
:  Event
:  Time

:  Relation
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 목표: 패턴분석을통해한국어시간표현(time	expressions)처리를위한계층적규칙제시
 독창성: 한국어시간표현에대한 12개패턴정의, 5종유형으로그룹핑
 결과: 기구축된말뭉치(Korean TimeBank v3.0) 기준으로 coverage 94.46% 확인

Hierarchical Annotation Rules for Korean Time Information
`19.02.27. Chae-Gyun Lim, et al.

Chae-Gyun Lee, Ho-Jin Choi, “Korean Time Information Analysis of Hierarchical Annotation Rules from Natural Language Text,”The 6th IEEE International Conference on Big Data and Smart
Computing (BigComp2019), The 2nd International Workshop on Dialog Systems (IWDS 2019), Kyoto, Japan, Feb. 27 (ACK KEPCO)

Dictionary Construction 
& Pattern Analysis

Group Pattern of Time Expression Example

A

Single pattern of ‘[NUMBER]+[UNIT]’ 2007년, 8월, 10시, …
Multiple patterns of ‘[NUMBER]+[UNIT]’ 1990년 8월 5일, 3시 25분, …
Single pattern of ‘[NUMBER]’ 1990, 2007, 2015, 2018, …
Combination of 
‘[NUMBER]+[SYMBOL]+[NUMBER]’ 2007-08, 1990-8-5, 10:30, …

B Date-related expression 올해, 다음달, 지난주, 첫째날, 과거, 최근, …
Duration-related expression 매년, 수개월, 며칠, 하루, 이틀, 사흘, …

C

Season 봄, 여름, 가을, 겨울, 늦봄, 한겨울, …
Day of week 월요일, 화요일, 수요일, …
Time of day 아침, 점심, 저녁, 밤, 자정, 오전, …
Holiday 설날, 삼일절, 석가탄신일, 성탄절, …

D Event-related expression 조선중기때, 고려말, 2차세계대전당시, …
E Lunar calendar expression 그믐, 보름, 정월대보름, 삼짇날, …

Corpus

Korean 
TimeBank

[Summary of Corpus]*
- Documents: 725
- Sentences: 7,640
- Words: 50,674
* Obtained from Korean TimeBank v3.0

Human
Annotator

Digit or Non-digit

Number or Non-number

Group A

Group C

Group B

Specific Expressions

Group D

Group E

Digit

Non-digit

Number

Non-number

Season, Day of week, 
Time of day, Holiday

Event 
pattern

Lunar 
calendar

Date/Duration 
pattern

Design of 
Hierarchical Structure
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Semantic Textual Similarity Annotation Method
 목표:	일관성있는데이터를얻기위한한국어문장간문장유사도주석가이드라인제작
 독창성:	플로우 차트를통해구체적인가이드라인제공
 결과: Kappa score 0.867 달성 (0.5 향상)

`19.07.07. Bowon Ko, et al.

Bowon Ko, Ho-Jin Choi, “Korean Paraphrasing Corpus Construction : Semantic Textual Similarity Annotation Method”, The 3rd Asian Conference on Artificial Intelligence Technology (ACAIT 2019), 
Chongqing, China, Jul. 7 (ACK Exobrain)

The 3rd Asian Conference on Artificial Intelligence Technology (ACAIT 2019)

패러프레이징에 문장 의미 유사도 분석은
중요한 요소임

한국어로된 패러프레이징 데이터가 없음기존 영어에 대한 문장유사도
기준은 너무 추상적

의미 유사도에 대한 새로운 가이드라인 제안

패러프레이즈 유무
태깅

의미유사도
태깅

다른 사람과 비교

Kappa	score	향상

(일관성 있는 가이드 라인 입증)Annotator	간의 점수 일치율 증가

Annotator
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BERT 기반 페러프레이즈 문장 검출
 목표:	대량의말뭉치에서페러프레이즈문장쌍을추출하기위한유사도비교모델제작
 독창성:	SQuAD	데이터를사용하여Multi‐Task	Learning을수행함으로써페러프레이즈문장검출성능향상
 결과: F1 score : 92.28 달성

`19.10.12. Bowon Ko, et al.

Bowon Ko, Ho-Jin Choi, “페러프레이즈문장검출을위한양방향트랜스포머모델구축”, 제 31회한글및한국어정보처리학술대회 , Daejeon, Korea, October. 12 (ACK Exobrain)

제 31회 한글 및 한국어 정보처리 학술대회(2019)

BERT	(Google) Whole	Word	Masking	(WWM)

Fine	Tuning	with	Squad,	MSPR
(Multi‐task	learning)

WWM

Crawler

Sentence pair Sentence pair

if Class label == 1

Paraphrase	 ‐ BERT

 Data	Augmentation
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Chatbot & Intelligent Assistant
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Word-level Emotion Embedding for Emotion Classification in Dialogue
 목표: 대화내감정분류를위한 semi-supervised 기반word-level emotion embedding
 독창성:	semi-supervised learning 기반word-level emotion embedding 제안
 결과: 단어마다감정값이반영될것으로예상

`19.02. Young-Jun Lee, et al.

Young-Jun Lee, Chang-Yong Park, Ho-Jin Choi, “Word-level Emotion Embedding based on Semi-Supervised Learning for Emotional Classification in Dialogue,” The 6th IEEE International Conference 
on Big Data and Smart Computing (BigComp2019), The 2nd International Workshop on Dialog Systems (IWDS 2019), Kyoto, Japan, Feb. 27

The 2nd International Workshop on Dialogu Systems (IWDS2019)
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Deep learning based response generation using the emotion feature extraction
 목표: 감정특징추출을이용한감정적이고자연스러운응답생성
 독창성:	감정의미묘한부분을반영가능한응답생성
 결과: 정량적평가기준 perplexity 수치 32.91 달성 / 정성적평가기준감정적및자연스러운응답생성확인

`19.09. Young-Jun Lee, et al.

2020 IEEE International Conference on Big Data and Smart Computing, 2020, Busan, Korea (Bigcomp2020)

2020 IEEE International Conference on Big Data and Smart Computing
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BERT 기반 한국어 문장의 유사도 측정 연구
 목표: 문맥을고려하여두한국어문장사이의미유사도계산수행
 독창성:	BERT기반임베딩을활용하여문장의문맥을고려한유사도측정가능
 결과: 기존 n-gram 방식의문장유사도평가방법과비교했을때,약 13%의성능향상달성

`19.07.07. Jonghwan Hyeon, et al.

현종환, & 최호진. (2019). BERT 기반한국어문장유사도측정방법. 제 31회한글및한국어정보처리학술대회논문집.

정밀도 재현도

0.7986 0.8136

x
x
x
x
x x

x
x
x

BERT

하지만폭로는여기서그치지않았다.

참조 문장

논란은여기서그치지않습니다.

후보 문장

단어
임베딩추출

단어
임베딩추출

모든단어쌍에대하여
코사인유사도측정

Greedy matching
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한국어 음성 데이터 수집 / 한국어 음성 합성
 목표: 유튜브로부터한국어음성데이터수집 / 음성합성구현과정상세및CherryPy연동
 독창성:유튜브의부정확한자막(STT)을스크립트로정제하는방식 / 한국어모델, 데이터사용
 결과: 351시간, 21GB 데이터수집 / 

`19.02 Minsu Kwon, et al.

Kwon, Minsu, and Ho-Jin Choi. "Automatic Speech Recognition Dataset Augmentation with Pre-Trained Model and Script." 2019 IEEE International Conference on Big Data and Smart Computing 
(BigComp). IEEE, 2019.

IWDS 2019

 한국어음성데이터수집
• 351시간/ 21GB

 한국어음성합성
• Tacotron학습
• CherryPy서버

http://114.71.220.20:8882/
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Other Topics in AI
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비정상 상황 탐지 및 설명 생성
 목표: 전력계통현장상황이미지의비정상상황을탐지하고설명을생성하는Anomaly detection 기술제안
 독창성: 전력계통에설명가능한인공지능을도입하는초기연구
 결과: 비지도학습을통해설명에유의미한 Feature 추출

`19.02 Dongkun Lee, et al.KEPCO Journal on Electric Power and EnergyOn-going

Field Image

ROI Filtering
Anomaly explanation generator State-of-the-art

Anomaly detector

Anomaly Generation
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비디오 합성
 목표:자연어-비디오합성모델제안
 독창성: 자연어입력분석및빠른비디오합성기술제안
 결과:이전연구의WGAN 모델과비교언어일치성 47.33% 개선.

Dongkun Lee, et al.

[1] 이동건, 최호진. 언어-비디오생성에서Autoencoder Loss와Loosen GAN Architecture를사용한학습속도의개선 (2018)
[2] Lee, Dongkun and Ho-Jin Choi. “Text to Game Characterization: A Starting Point for Generative Adversarial Video Composition.” 2018 IEEE International Conference on Big Data and Smart Computing (BigComp) (2018): 717-720.
[3] 이동건, 설명가능한인공지능을이용한2차원배관설비환경에서의고장예측, The 5th International Conference on Big Data and Smart Computing (BigComp2018) - The 1st International Workshop on Dialog Systems (IWDS 2018) 

Loosen Generative Adversarial Network

Stick Man 
Dancing비디오-

문장
데이터셋

수집된비디오와문장데이터

Terry Crews 
Dancing

On-going
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Data Point Completion with Neural Processes
 목표: Incomplete data point 가주어지면학습된모델로missing value들을예측
 독창성:	Matrix completion 에서더나아간 data point completion / Uncertainty (confidence) 도함께예측
 결과: Data point completion 수행및 feature embedding, importance 학습확인

On-going Minsu Kwon, et al.

Feature-Embedding Neural Processes for Data Point Completion

AAAI 2020 (submitted)

• Data	point	completion
• 활용모델: Conditional Neural Processes
• Meta-learning / few-shot learning과관련

• Feature	embedding	도입
• 각 feature를표현하며 input역할을함 (output은 feature value)

• Feature	importance	도입
• Feature 의중요도를나타냄

• 다른Meta‐learning	/	Few‐shot	learning	방법(e.g. MAML)도 적용 가능

Feature	importance Feature	embedding
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Improving Matrix Completion with Self-Expressiveness
 목표: Matrix의 data point가 cluster 를가질때 low-rank matrix completion 이더잘작동하도록
 독창성: Low-rank matrix completion 결과에 self-expressiveness 성질을적용해성능을향상
 결과:Matrix의 data point가 cluster 를가질때성능향상및클러스터링가능

`18.10 Minsu Kwon, et al.

Kwon, Minsu, Han-Gyu Kim, and Ho-Jin Choi. "Improving Low-Rank Matrix Completion with Self-Expressiveness." Proceedings of the 27th ACM International Conference on Information and 
Knowledge Management. ACM, 2018.

CIKM 2018

• Cluster
• Data point 들이 subspace형태로 cluster를갖는경우보정가능

• Self‐expressiveness
• Subspace형태로 cluste를가질때나타나는성질

• 적은수의다른 data point의 linear combination 만으로도 data point표현가능

• Loss	수정

Low-Rank MC      Improved
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Location: KAIST N1 #724
Homepage: https://kecilab.kaist.ac.kr

The KEAI Lab & Members
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KEAI Lab Members

 Faculty	&	Staff
• 교수:	최호진,	PhD(Imperial	College	London)
• 산학협력중점교수:	이현규,	PhD(KAIST)
• 행정원:	여수정 (스마트에너지인공지능연구센터)

 Students
• 박사과정 (full‐time):	오교중,	임채균,	현종환,	이동건,	한승호,	이영준

• 박사과정 (part‐time):	장문종

• 석사과정:	권민수,	고보원,	남제현
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Contact: Prof. Ho-Jin Choi
N1 #707 (Lab: #724)
hojinc@kaist.ac.kr
010-8765-7445

Thank You


