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이유한

학력
학부 : 부산대학교화공생명공학부졸업 (2008.03 ~ 2014.02)

석사: KAIST 생명화학공학과졸업 (2014.03 ~ 2016.02)

박사: KAIST 생명화학공학과박사과정재학중 (2016.03 ~ 현재)

실험실: Molecular Simulation Laboratory (Prof. Jihan Kim)

세부전공: Molecular simulation, computational chemistry, 

Machine learning, deep learning

활동
KaggleKorea페이스북온라인그룹(현재약4,600명)운영자

대전캐글스터디(50명), 부산캐글스터디(40명)운영자
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What is Kaggle?



캐글 as a company

4

- 2010년설립된빅데이터솔루션대회플랫폼회사
- 2017 년 3월에구글에인수



캐글 as a community
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- 현재 200만명의회원보유
- Data science, ML, DL 을주제로모인 community



Competition - Data Race for 데이터과학자!
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기업, 정부기관, 단체, 연구소, 개인

Dataset
With Prize 

Dataset & Prize
개발환경(kernel)

커뮤니티(follow, discussion)

전세계데이터사이언티스트



Dataset - Data Playground for 데이터과학자!
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기업, 정부기관, 단체, 연구소, 개인

Dataset
With or without Prize 

Dataset & Prize
개발환경(kernel)

커뮤니티(follow, discussion)

전세계데이터사이언티스트



Dataset
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2019/04/10기준캐글에등록되어있고, 
다운받을수있는데이터셋숫자는

15,722개



Kernel!
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- 캐글에서제공하는가상환경.
- 컴퓨터수십, 수백대제공해줍니다.
- With GPU!!!

- 검증된캐글러들이자신이분석한것을공유합니다.
- 좋은 reference, 공부자료!
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Why do kaggle?
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빅데이터시대,
4차산업시대
가장중요한것이
뭘까요?
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인간의경험
직관
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Data-driven
approach
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Data-driven
Approach

데이터안에뭐가있길래?
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머신러닝 ?

Pattern recognition
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머신러닝 ?

Make general function(conditions)
to obtain goal(minimize loss)
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머신러닝 ?

Learn statistics(correlations) between 
feature vs feature/
feature vs target
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데이터사이언스, 
머신러닝, 
딥러닝에서

가장중요한것은?
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DATA
Data
Data

Dataaaaaaaaaa!!!!!
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https://medium.com/nanonets/how-to-use-deep-learning-
when-you-have-limited-data-part-2-data-augmentation-
c26971dc8ced

당신의모델은, 
당신이 input으로준것만큼좋다!

Garbage in, Garbage out!
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이런것을
공부하려면?

Data 와사람(자료)이많은
곳으로가라!
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캐글코리아
Kaggle Korea
Non-Profit Facebook Group Community



데이터 분석

EDA

인사이트
얻기

Feature 
engineering

모델개발

모델평가및
피쳐성능확인

Dicussion및
kernel 참고
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데이터수집

데이터
전처리

데이터와함께하는
무한루프

문제설정

캐글에서다루지않는부분 캐글에서다루는부분



26

지금까지 302개의
competition 이치뤄짐.

머신러닝으로할수있는대부분의문제유형을담고있는컴퍼티션들

머신러닝으로풀수있는
대부분의문제가담겨있다



개인적측면 –경험실력 FOR 정형데이터
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Porto: 고객이내년에자동차보험금청구를할것인가?

Home Credit: 고객이앞으로대출상환을할것인가?

New York taxi: Taxi 탑승시간을예측하라

Costa rican: 고객의소득수준을ML 로구분하라

Elo: 거래내역데이터를가지고, 고객충성도를예측하라

직방: 아파트거래가격예측하라

INFOCARE: 아파트경매가격예측해라



개인적측면 –경험실력 FOR 정형데이터
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- Exploratory data analysis
- Data visualization

- Matplotlib, Seaborn, Plotly
- Data mining
- Pandas, numpy

- Feature engineering
- Time series features
- Categorical features
- Numerical features
- Aggregation features
- Ratio features
- Product features

- Data preparation
- Data augmentation (imbalance

- Upsampling
- Downsampling
- SMOTE

- Model development
- Sklearn

- Linear model
- Non-linear model
- Tree-model

- Not sklearn
- Xgboost
- Lightgbm
- Catboost
- LibFFM



개인적측면 –경험실력 FOR 딥러닝
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- Model evaluation
- Various metrics

- Accuracy
- Precision
- Recall
- F1-score
- Etc.

- Other technique
- Machine learning pipeline

- My pipeline code
- Feature management

정형데이터위해학습한모델만,,,
천단위이상으로만들어봤을겁니다.



개인적측면 –경험실력 FOR 딥러닝
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Tensorflow: 30개단어룰구분하는 AI  만들어라

Quora: 성실한, 불성실한질문을구분해내라

Doodle: 340개의클래스별낙서를 ANN 으로구분하라.

Protein: 28개의클래스별 Protein 을 ANN 으로구분하라.

Airbus: 바다위배를찍은위성사진에서배의위치를찾아내라

Statoil: 바다위빙산과, 배를구분하라



개인적측면 –경험실력 FOR 딥러닝
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개인적측면 –경험실력 FOR 딥러닝
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- Model Development
- Not pretrained

- CNN
- RNN
- Simese network

- Pretrained
- Fine-tunning

- Learning technique
- Cyclic learning
- Generator
- Data augmentation

딥러닝모델만,
몇백개이상만든거같네요.



AI 사고방식탑재

문제정하기

데이터수집

데이터존재

문제정하기

데이터분석데이터분석

모델만들기
(예측, 군집, 강화학습)

모델만들기
(예측, 군집, 강화학습)

Problem
Setting을
얼마나
잘하느냐?

AI 가풀기좋게
데이터를어떻게
준비하느냐?
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캐글메달 Tip

39



Home Credit Default Risk competition - Timeline

35



Home Credit Default Risk competition - Data

36
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무엇부터
해야할까요?



Home Credit Default Risk competition – Data description
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•bureau_balance.csv
• Monthly balances of previous credits in Credit Bureau.
• This table has one row for each month of history of every previous credit reported to Credit Bureau – i.e the table has (#loans in sample * # of relative 

previous credits * # of months where we have some history observable for the previous credits) rows.
•POS_CASH_balance.csv

• Monthly balance snapshots of previous POS (point of sales) and cash loans that the applicant had with Home Credit.
• This table has one row for each month of history of every previous credit in Home Credit (consumer credit and cash loans) related to loans in our sample –

i.e. the table has (#loans in sample * # of relative previous credits * # of months in which we have some history observable for the previous credits) rows.
•credit_card_balance.csv

• Monthly balance snapshots of previous credit cards that the applicant has with Home Credit.
• This table has one row for each month of history of every previous credit in Home Credit (consumer credit and cash loans) related to loans in our sample –

i.e. the table has (#loans in sample * # of relative previous credit cards * # of months where we have some history observable for the previous credit card) 
rows.

•previous_application.csv
• All previous applications for Home Credit loans of clients who have loans in our sample.
• There is one row for each previous application related to loans in our data sample.

•installments_payments.csv
• Repayment history for the previously disbursed credits in Home Credit related to the loans in our sample.
• There is a) one row for every payment that was made plus b) one row each for missed payment.
• One row is equivalent to one payment of one installment OR one installment corresponding to one payment of one previous Home Credit credit related to 

loans in our sample.
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이컴퍼티션은팀으로참여하였습니다.

김연민님, 안병복님, 
유용균님, 최성환님
그리고저까지

총 5명이함께달렸습니다



1. Data check – Feature check
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1. Data check – Null data check
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1. Data check – Outlier check
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1. Data check – Outlier check

43



2. Feature engineering – Ratio features
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Ratio feature : A per B

- 연금 / 전체수입
- 차소유한나이 / 총생애일수
- 차소유하나이 / 총근무일수



2. Feature engineering – Product features
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Product feature : A x B

- Feature importance를봤을때, 상위 feature 들중
numerical feature 끼리곱하여추가함.



2. Feature engineering – Addition or Subtraction features
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Addition feature : A + B
Subtraction feature : A - B

- 중요한 feature 끼리더하거나빼서새로운 feature 생성 .



2. Feature engineering – New categorical features
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특정기준을만족하느냐, 
만족하지않느냐로

Binary category 를만들수있음.



2. Feature engineering – Aggregation features
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Category 와 numerical feature 의조합으로생성하며, 
Category 각그룹당mean, median, variance, standard 

deviation 을 feature 로사용

말그대로조합이기때문에, 
엄청나게만들어낼수있음.



2. Feature engineering – Categorical features
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One-hot 
encoding

Category 개수만큼 column 이늘어난다.
너무오래걸린다.

Label
encoding

자칫 bias ordering 문제가생길수있다.

Lightgbm
Built-in

데이터셋이크니학습이빠른 Lightgbm을
쓸건데, 마침카테고리를처리하는내장

알고리즘이있구나! 이거다



2. Feature engineering – Categorical features
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- Backward Difference contrast
- BaseN
- Binary
- Hashing
- Helmert Contrast
- James-Stein Estimator
- LeaveOneOut
- M-estimator
- Ordinal
- One-hot
- Polynomial Contrast
- Sum Contrast
- Target encoding
- Weight of Evidence

- Encoding 방법은정말많습니다.



2. Feature engineering – Fill missing values and infinite values
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Categorical
features

‘NAN’ 이라는새로운 category 를
만들어서채움

Numerical 
features

Lightgbm은missing value 를빼고 tree 
split 을한다음, missing value 를각 side 
에넣어봐서 loss 가줄어드는쪽으로
missing value 를분류

- 0 로채우지말고, 내장알고리즘
쓰기로결정.

- (+) Infinite value 는 1.2 * max value
- (-) Infinite value 는 1.2 * min value



3. Feature selection – Use various approaches
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이리저리만들다보니약 2300개 features 생성됨.
이걸다쓸것인가? 

Feature 
importance

Recursive 
feature 

elimination
Shap



4. Model development – Use LGBM
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Why lightgbm?

https://lightgbm.readthedocs.io/en/latest/



4. Model development – Use LGBM
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What is different?

https://lightgbm.readthedocs.io/en/latest/

Most decision tree algorithm Lightgbm

좋고빠르다쓰자



5. Training strategy – Ensemble is always answer

55https://lightgbm.readthedocs.io/en/latest/

Sum of Week learner is stronger than One strong learner.
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이렇게해서제출한
성적은?

동메달은무슨…
그래도 TOP 15% 
정도는갔어요



6. Stacking and Averaging
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Out of fold : train

Out of fold : test

XGB1 LGB1 CAT NN RF XGB2 LGB2 CAT2



6. Stacking and Averaging
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XGB1 LGB1 CAT NN RF XGB2 LGB2 CAT2

New 
train

New
test

새로학습

얘네들을 feature 로사용함

Submission



6. Stacking and Averaging
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우리
Submission 다른캐글러

Submissions

Simple average or weighted average
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이렇게해서제출한
성적은?

동메달권
들어갔습니다.
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자, 이제더성능을
올리려면뭘
해야할까요?

Feature 
generation

Parameter 
tuning More stacking
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자, 이제더성능을
올리려면뭘
해야할까요?

Feature 
generation

Parameter 
tuning More stacking

다해야합니다 ^^
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저는
Parameter tuning만
선택했습니다.

이것이동메달로끝내게한
main reason 입니다.



7. Hyper parameter tuning

64https://lightgbm.readthedocs.io/en/latest/



7. Hyper parameter tuning
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Grid 
Search

Randomized 
Search

Bayesian 
Optimization

- Parameters Grid space 를
만들어서성능확인

- 규칙적으로 optimum 을
찾아갈수있다.

- 하지만 grid size 에따라
combination 이너무많아진다.
Computational cost!

- 내가어떤영역을잡느냐에
따라 optimum을제대로못
찾을수있다.

- 각 Parameter 들의 range 를
만들어그안에서임의로숫자를
뽑아서성능확인

- 규칙적이지않다. 하지만 trial 의
수는많이줄어들수있다.

- 마찬가지로내가잡아주는 range 
에따라 optimum 을제대로못
찾을수있다. 

- 성능 = F(parameters) 라는
함수를가정하여, 그함수의
형태를추정하면서 global 
optimization 을찾아가는것.

- Bayesian 의 prior 개념이들어감.
- 여러 trial 을시도하면서, prior 
를이용해 global optimum 을
찾아가는형태.

- Python package 가있어서
사용하기쉬움.

- 여러 trial 을하면서찾아가므로
기본 computational cost 가있음.



Lession1 - Feature generation 과 Cross-validation 은함께해야한다.
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Cross validation
system

Feature 
generation

FeatSet
Update

CV 성능향상?

YES

No

Bottom-Up Feature selection 



Lession2 -모든결과를기록해야한다.
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날짜 Featset version Feature설명 성능(ROC) Choose?

2018/09/09 FeatSet 1 Initial features 0.660

2018/09/11 FeatSet 2 FeatSet1 + Time features 0.680 O

2018/09/14 FeatSet 3 FeatSet2 + Ratio features 0.700 O

2018/09/15 FeatSet 4 FeatSet3 + New A category 0.690 X

2018/09/16 FeatSet 5 FeatSet3 + New B category 0.720 O

2018/09/17 FeatSet 6 FeatSet5 + other encoding 0.760 O

…. … … … …



딥러닝컴퍼티션들 – Image recognition and classification
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Yes, no, up, down, left, right, on, off, stop, go, silence, others 
위단어들을구분할수있는 machine 을만들어라!



Solution process (1) 더많은 feature 을위한 1D -> 2D 변환
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Solution process (2) 2D-CNN 을사용한이미지학습
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Image feature extraction Integration of features



2D-CNN은어떻게만드나?
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최신동향 – Pre-trained model 사용
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CNN 은 Image 에서중요한 feature 
를뽑아내는하나의도구

Image 에서 feature 를잘
뽑아내게학습된model 을
가져와쓰자



최신동향 – Pre-trained model 사용
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Resnet VGG 
series

Resnet
series

Inception
V3 DenseNet MobileNet etc



최신동향 – Pre-trained model 사용
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Non-trained
-> random numbered(initialized) 
weights

Trained 
-> Optimized weights

Training



사용방법? – Use built-in function
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사용방법? – Use built-in function
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Yes, no, up, down, left, 
right, on, off, stop, go, 

silence, others 
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이런지식을캐글에서
지식을얻으려면?
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캐글의위대한유산 –공유정신
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구글,
페이스북,
야후아이디로
가입만하시면
됩니다



몇가지천기누설!!!!
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- 투자한시간은배신하지않는다.(from 김현우)
- Keep going!

- 데이터탐색 >>> 파라미터튜닝 (from 김연민)
- Garbage in, Garbage out

- Show me the feature!
- See kernel, See discussion
- Many week learner win one strong learner

- ensemble
- Make Cross-validation system along with LB
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캐글에서
메달따는왕도는??



데이터 분석

EDA

인사이트

얻기

피쳐생성

모델개발

모델평가및
피쳐성능확인

Dicussion및
kernel 참고

100,000
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캐글코리아
Kaggle Korea
Non-Profit Facebook Group Community

함께공부해서,함께나눕시다
Study Together, Share Together
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들어주셔서
감사합니다!


