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By clicking on the "l understand and accept” button below, you are
indicating that you agree to be bound to the competition rules.

Do Not Accept | Understand and Accept
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0] 2| competition &

Mercedes-Benz Greener Manufacturing $25,000
Can you cut the time a Mercades-Benz spends on the tast bench?

Quora Question Pairs

Can you identify guestion pairs that have the same intent?
Passenger Screening Algorithm Challenge
improve the accuracy of the Department of Homeland Security's threat recognition algorithms

_ $1,500,000

Bosch Production Line Performance
Reduce manufacturing failures $30 000
b)

KAIST Molecular Simulation Group

I KAIST - Deparimeni of Chemical and Biomoleculer Enginesting |



O X|7A Ch&l &2 A 0]
RIS dataset, MNIST S2OI

Kt 2 01 F
= 2Ol OF OfLt?






ZEEM M LHERH - T2 & MR

e e L

-~

\
CHE ol2] 7 (2 AR E 9L AN
3 MHo| 71 Hlo|E| £

HIM)E BEBC}

\_ /
4 N 4
TEEE e e
ximy W #2 g BeCt
N v N
4 N )
Discussion ujEu
Zastrt Hb [}
N 2N j

KAIST Molecular Simulation Group







My kaggle story
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Titanic competition — Can you predict survival?

| Getting Started Prediction Competition

Start here! Predict survival on the Titanic and get familiar with ML basies

Titanic: Machine Learningfrom Disaster ™ « . _

- Kaggle - 11,298 teams - Ongoing

Data Kernels Discussion Leaderboard Rules Team My Submissicns

Start here if..

Evaluation You're new to data science and machine learning, or locking for a simple intro to the Kaggle prediction

o

competitions.

Frequently Asked

Questions . Lo
Competition Description

Tutorials
The sinking of the RMS Titanic is one of the mast infamous shipwrecks in history. Gn April 15,1312,

& Titanic sank after colliding with an iceberg, killing 1202 out of 2224

Cne of the reasons that the shipwreck led to such loss of life was that there were not enough lifeboats for
rew. Although there was some element of

rs, such as women, children, and the upper-

luck involved in surviving the sinking,

were more likely to survive than othe

In this challenge, we ask you to complete the analysis of what sorts of people were likely to survive. In

tragedy.

Practice Skills

« Binary classification

« Python and R basics

KAIST  Molecular Simulation Group 12
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Titanic competition — Study with voted kernels!

lil Getting Started Prediction Competition

Titanic: Machine Leamingfl"om Disaster - - . _

Start here! Predict survival on the Titanic and get familiar with ML basies

Kaggle - 11,298 teams - Ongoing

Overview Data Hemne Discussion Leaderboard Rules Team

Public Sort Most Votes
Outputs ~ Languages ~ Types Y Search kernels Q

@ Exploring Survival on the Titanic
ma 5 @ 080382 % tutorial, beginner, fea

AlUre engineering, rancom

@ Introduction to Ensembling/Stacking in Python _ ]

* [Uional, ensemob

[ B0 B B R < idiiosion ]

947 . s Ajourne}fthrgq-'lghu-nfanc andom forest, logistic regression /&

1
L
P

750 4o @ A Data Science Framework: To Achieve 99% Accuracy
‘_.:."' : ; ® 088516 W tutorial, beginner, data visualization, feature engineering

KAIST  Molecular Simulation Group 13
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My 1st kaggle race — =4 A5 2} Hi* HI{E| 4]

('!) Featured Prediction Gompetition

Porto Seguro’s Sa,y)rwer Prediction A\ $25,000

Prize M
Predict if a driver will file an insurance. claim next year. £ bt

; Porto Seguro - 5169 teams - 6 months ago

Data Kernels Discussion Leaderboard Rules Team My Submissions

Nothing ruins the thrill of buying a brand new car more quickly than

Evaluation seeing your new insurance bill. The sting’s even more painful when you
know you're a good driver. It doesn't seem fair that you have to pay so

Prizes much if you've been cautious on the road for years.

Timeline Porto Seguro, one of Brazil's largest auto and homeowner insurance

companies, completely agrees. Inaccuracies in car insurance company’s
claim predictions raise the cost of insurance for good drivers and reduce

the price for bad ones.

UFeoRHO| MEHE JX| 1 il &
01 400HHO| 7HQl0| 2= 0| EE = Al
0| =5t et

KAIST  Molecular Simulation Group 14
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My 1st kaggle race — Learning the kernels

oy Cdm et WA am] £ EAartiinea Parts Sac
543 ® Steering fheel ot Fortune - P Se
l ® b 1, eda, data visualization, featus

@ Dimensionality reduction (PCA, tSNE)
94 amcags W dimensionality reduction

i8 l _Si.-mpln-‘;! XGBoost BTB (0.27+) 80 E =é:ﬁé-.NEise analysis of Porto Seguro’s features

C—it—1—a -3

Y ¥ @ Bayesian Optimization of XGBoost Parameters
123 {_J XG_B classlfler upsampling LB 0.283 52 Eg et

L —8

13 [l T o ctaieg it 228 B

)

115 ) @ Reconstruction of 'ps_ reg_03'
- o

KAIST Molecular S |mulat|onGroup 15
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My 1st kaggle race — Making my own kernel

@ © EDA+StratifiedShuffleSplit+xgboost for starter

o : 2 % categorical data
o
J‘,;,i Junha Park - F Ve g i 1
@ | think the univariate histograms you've plotted above don't give us enough information about the data qualities. | suggest that
you should try tSNE algorithm to check similarity of the two labels. You could have more visualized inference about the
similarity

»

-
| need to learn the discussion this ht
ussion,/42197!
e
X jiaxl 0 = t £ 1
3 ]
@ t's very useful thank you for your share!
@ Wow! Your comment is n ! Thanks! | will improve my kernel. If you see it, | will appreciate it!
- | Yeonsu 0
i3 7
BET

KAIST Molecular |mulat|onGroup
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My 1st kaggle race — Congratulation!

KAIST  Molecular Simulation Group

YouHan Lee

Thank you for sharing your amazing work! As the beginner, your work is very helpful to me. Especially, finding NaN values is

very usefull | referred your work!

i

-

I — KAIST - Deparimeni of Chemical and Biomolecular Er

Thanks YouHan for the kind words. I've checked out your kernel and it looks detailed and promising. Looking
forward to reading the complete analysis.

YouHan Lee - P

Thanks! I've updated my kernel! If you look up this, | will appreciate it :).

Hey Congrats. | see that you've earned your first kernel medal. Looks like your efforts are being reciprocated so
that's great. | really like your efforts an filling the missing/null values.

With regards to future work, | noted that you said you maybe thinking of using a PCA analysis. That would be
interesting to note what comes out of It, especially so as we have noted that there are quite a lack of linearly
correlated features. If time permits, it would also be interesting to try out nonlinear reduction techniques -
TSNE, nonlinear PCA etc

YouHan Lee - Post

Thanks! For me, this competition is memorable because of my first medal, my first comment!

| will follow your suggestion. Actually, | don't know the TSNE and nonlinear PCA. But, | will study and do these
good analysis methods later,

Thanks for your suggestion! :)

17



My 1st kaggle race — [[}SE &t

A
— O

LI
(=

Anisotropic

Singa at pore
London, England, United Kingdom

Home  Competitions (91 Kernels (291 Discussion (292)

Competitions Contributor Kernels Master

Unranked 2

@

1 0 0 13 5

Two Sigma Financial Medel... gth
@ avearago-Top 1% of 2070 @ - 2 months ago

Two Sigma Connect: Renta...

270 Sp

Cutbrain Click Prediction 280th

@ 4

Molecular Simulation Group

KAIST - Deparimeni of Chemical and Biomolecular Enginesting

KAIST

Organizations (1

Introduction to Ensembling...
aoky NLP and Topic Mod...

Interactive Intro to Dimensi...

go%

1719
455

414

Followers (240]

840

Contact User

Discussion Expert

Current Rank

134

@

@
i 2

Nervous to get in the game
@ - 10 months ago

For newbies
@ - 6 months aoc

Kernels
Master

87

EDA: Top 23 users in Kerne...

@ 4 menths an

¥

Highest Rank

D

100

15
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My 1st kaggle race — 264 12| 7|2 &

T

=1

YouHan Lee -

Wow..amazing! As a beginner, I'm really impressed by your work. | envy your art of analysis. ) Thanks for your kernel because

your analysis gave me valuable insight!

Actually, | want to ask you about something.

1. Selecting or removing features in correlation plot. Correlation plot is useful to see the dependency between one feature and
other feature in 2D. Actually, plotting them is quite easy thanks to helpful packages. But, using properly is quite difficult. |
got a correlation plot and see the 2-D correlation. But, | don't know the criterion to seiect or remove features from
correlation plot. If either negative or positive correlation exists between two features, do | need to select both? or select only
ane feature because of some dependency? And, what value is the criterion of high dependency commonly, larger than 0.57

or 0.87
Otherwise. If no correlation exists(the coefficient is about zero). do | need te select both?

1. Impact of imbalanced data | found that some feature has the imbalance on the quantitive amount of each class. For
example, 1 class has a 98%, 0 class has a 2%. In this case, is correct that | need to delete the feature because this imbalance

will cause some bias on the ML model?

Thanks!!

KAIST  Molecular Simulation Group

KAIST - Deparimeni of Chemical and Biomolecular Er
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My 1st kaggle race — 2514 12| 7|2

2

Thank you for your detailed comments! I'm glad my kernel is helpful for you.

What the correlation plot does is visualising are all the different correlation coefficients between two variables
in a concise way. The correlation coefficient gives you a measure for how well the relation between the two
features can be described by a monotenic trend. in which the values of one feature either increases or
decreases as you increase the values of the other one. An increase means positive correlation, a decrease
means negative correlation (or anti-correlation). Both are important and you want to investigate strong
dependencies in either direction.

As a side note, on the pitfalls of correlation (and linear models) you might want to check out Anscombe's
quartet.

If you want to decrease the number of features in your analysis then you can start with removing one from each
of the highly correlated pairs and see how it affects your model. Which of the two you choose normally
shouldn't have much impact on your prediction accuracy, but it can be important for the interpretation of your
final model. Note, that removing this collinearity is mostly important for understanding your mode! but not s0
much for the prediction result themselves, as many ML algorithms (such as xgboost) are not affected by
collinearity. Here on Kaggle, where even the smallest of improvements are important, you probably don't want
to remaove any features.

As far as I'm aware, there's no general threshold coefficient for removing features, since it depends on the goal
of your analysis. Around 0.8, 0.9 sounds like a good starting point to me. Again: beware Anscombe’s quartet.

In terms of imbalance: In this competition, the whole sample 15 very imbalanced and you can't remove features
based on this. In general, if one of your features has a 98% vs 2% target split for an overall 50/50 target
population then this is a really useful predictor and you certainly don't want to remove it. Remember that the
ultimate goal is to find ways to predict the target variable in unseen data.

YouHan Lee - Posie

I've read this carefully, and | want to say really Thanks! You gave me some helpful know-how. Mostly, this part.
"Note, that removing this collinearity is mostly important for understanding your model but not so much for the
prediction result themselves, as many ML algorithms (such as xgboost) are not affected by collinearity. "

There are many things | have to learn. I'm expecting them. Thanks!

KAIST Molecular Simulation Group

KAIST - Deparimeni of Chemical and Biomolecular Enginesting
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My 1st kaggle race — 15t rank grandmaster!

Competitions (2]

Web Tra*fn. Time Series Fo...

@ c

Text Noermalization Challen...

@  © months ago - Top 32%

ez

irto Seguro’s Safe Dme.

Heads or Tails

curious at heart

E

Kernels (-

194

1023

E_Qﬁ'_
83

30 qth

KAIST  Molecular Simulation Group

KAIST - Deparimeni of Chemical and Biomolecular Er

Discussion (250

Kernels Grandmaster

(@) ®)

15 0

Be my guest - Recruit Rest...

@ am

NYC Taxi EDA - Update: Th...

@ - 25 days ago

Followers (1,001

Steering Wheel of Fortune ...

688
543

437

1001

Share your general approac...

@ 3 months aoc

Curious: *air genres™ never ...

® 5months ac

e O

ould ever app...

33
15

14
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My 1st kaggle race — Comment to authors

i YouHan Lee - |
. .
@ | just used StratifiedShuffleSplit and got the same result like your 3th plot. Could this be a solution of the problem you
mentioned?
-8
@ {@YouHan Lee, you are absolutely right. | find this a bit confusing and | must admit | never looked at this
particular split method in sklearn. Thanks for the pointer.
@' YouHan Lee - |
.
Oh. I'm happy to help you :). | think your effort to solve the problem is the thing that | need to learn. | really
appreciate you because I've studied your all kernels and I've learned many things. Thanks. I'll continue to follow
you!
0
&
L o o ]
{@YouHan Lee, thank you for your kind words.
KAIST Molecular Simulation Group 22

R KAIST — Deparimeni of Chemical and Biomolecular Enginesting |



My 1st kaggle race — X175t Z2|H|0]| O} XM

olivier

o
[is]
|

Kernels

© in ' : Master

@

Kernels 157 Discussion (&6 Datasets (11 Followers (727 Contact User

&P
{ep

500 13 12 16

@ @ @ @ @ (@) @ @ @
6 5 5 25 282

® 7n

v 3 5 10 6
Mercari Price Suggestion C... 29nd XGB classifier, upsampling ... i23 I'm off this competition, ale... 81
Toxic Comment Classificati... 2gth Python target encoding for ... 100 Asking for a stage 2 Rehear... 27
_.'-‘ % mc G o T ] f AFF (c,}. ; ths ag 53 - Hos e

irto Seguro’s Safe Driver ... 33 Noise analysis of Porto Seg... 79 35th place solution 20

©3
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My 1st kaggle race — Get insight from discussion

86

81

75

68

66

60

53

53

KAIST Molecular S

KAIST — Deparimeni of

Im n.)ﬂi.thi_s. T:_c_'n_’lpetitinn, alea jacta est !

5th|ngsl I?Tn_eld frf]r.n_this competition
ps_c:a r_15 a.re s.q.llfa:*re root of integers

.H‘_] {'.d ius:.lsi.n’-til_ar are train and test data?

genetic algorithm solution (20th place) - very long read

Taylor-made NN for 0.285 PLB (part of solution of 8%)

@ & & & &© & © ©

18th Place Solution - Careful Ensembling + Resampling Diversity

imulation Group

cal and Biomolecular Er

Lokesh Soni =

YaGana Sheriff-H... =

Matt B Gmo ago
dendb ¢
CPMP &

Tilii 5n

gatadrub o

L
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My 1st kaggle race — Submission

o

Overview  Data  Kernels Discussion Lea

zderboard  Rules  Team My Submissions

Your most recent submission

Mame Submitted Wait time Execution time

sub.csv 5 months ago 4 seconds 14 seconds

Jump to your position on the leaderboard =

Public Leaderboard Private Leaderboard

he private leaderboard is calculated s P
= - = Refresh
his competition has completed. This he final standing

B inthemonsy W Gold B Siver [ Bronze

KAIST Molecular Simulation Group 25
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My 1st kaggle race — After competition

614 @ st place with representation learning
. A :i'.'.l.:. lahrer : anthz

o1 @ & 2nd place solution NN model

106 I @ ﬂ.r.i'p.ll‘.ac:_e s.ulu}i.cvn

- Solution 1178 Public / 29 Private
¢ [ @ Ioutontismubics

KAIST Molecular Simulation Group
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My 1st kaggle race — Z1}=

& After_bayesian_LGB.1ipynb

& bayesian_random_forest.ipynb

& ensemble.ipynb

& ensemble_2_gbc-Copy1.ipynb

& ensemble_2_gbc.ipynb

& ensemble_2_lgb_original.ipynb

& ensemble_2_lgb_polynomial-Copy1.ipynb
& ensemble_2_lgb_polynomial.ipynb

& ensemble_3_model.ipynb

& My_analysis_ver_2_with_median.ipynb

& My_analysis_ver_2_with_median_and_stratified_without_calc-Copy

& My_analysis_ver_2_with_median_and_stratified_without_calc.ipynl

& My_analysis_ver_2_without_null_data.ipynb

& My_analysis_ver_3_CORR_drop_DATA.ipynb

& My_analysis_ver_3_CORR_drop_DATA_with_param_optim.ipynb
& My_analysis_ver_3_NULL_with_ML.ipynb

& My_analysis_ver_4_Probability_more_feature.ipynb

& My_analysis_ver_4_Probability_more_feature_ensemble.ipynb

& GBM_pc2.ipynb & My_analysis_ver_4_Probability_without_calc.ipynb

& Gini_Coefficient.ipynb =l My_anaysis_5.ipynb
& Interactive_Porto_Insights_A_plot_ly_tutorials.ipynb i i

& My_anaysis_5_ensemble.ipynb
& Keras_test.ipynb

& New_feature_pc2_lgb_baysian.ipynb
& Kinetic_and_transforms_with_last_features.ipynb - =REAS90- ) Py

& Kinetic_and_transforms_with_last_features_ensemble.ipynb & New_feature_pcZ_rf.ipynb

& Kinetic_and_transforms_with_last_features_ensemble_RF_tuning-Real.ipynb

& py2_1gb_by.ipynb

& Kinetic_and_transforms_with_last_features_ensemble_RF_tuning_backup.ipynb . 3 L . .
o e & Simple_Safe_Driver_Prediction_EDA.ipynb
& My_analysis.ipynb

' Simple_XGBoost_BTB.ipynb

L

 Study_onehot_encoding.ipynb

L

. - ! Untitled.ipynb
41 7H —?—.u_l E.'I _LEE:I=II1— ACﬂk-ll!!! & Untitled?.ipynb

f Untitled2.ipynb

L

(

& xgboost_tutorial_first.ipynb

B xgboost_tutorial_second.ipynb

KAIST  Molecular Simulation Group 27
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My 1st kaggle race — H|2 A=

< OO 2M0AM HAe|d 2 4N 5l o= 77X o Al Y L3512
Ol O-I XlE EEA‘”ﬁ z:zl_éél & ol ”i
* 1T H O
- _ o A «» Stratified, shuffle
< ST HOJH 2M 2I0|EE 2| A8 EH &= % Ensembling
% Visualization % Voting, average

+» Matplotlib, seaborn, plotly

% Data analysis ol I 7} HE

)
0’0

R/
% Pandas % Precision, recall, f1-score, accuracy, AUC
s Numpy
+* Machine learning & dojz=
2 . i
« Sklearn o HAE M|, HE, SESIH writing 35

% DMl 2 BE &S
Sklearn & 1n2|& =
Randomforest

Xgboost

Lightgbm

3

%

R/
0’0

3

%

7
0’0

% Hyper parameter tunning & &
** Gridsearch

R/

** Randomsearch

R/

*%* Baysian optimization

KAIST  Molecular Simulation Group 28
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My 2"d kaggle race — Tensorflow competition

Dataset: 65,0007 2]
word audio file

Prize :
1st - $8,000
2nd — $6,000
3rd — $3,000
+ spectial price $8,000

Yes, no, up, down, left, right, on, off, stop, go,
silence, others = O| F=0{ &l ':HH == T =2of=

AS =0 =

KAIST Molecular Simulation Group 29
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My 2nd kaggle race — Money is good motivation!

e]
=y}
4

[»

me 0

2

ol

% Sung Kim<0| 23
& © SO A 2017 112
Uensoﬂo‘” S0l E2IX| 20| EHEian

https:/iwww. kaggle com/citensorflow-speech-recognition-chal .

Tensorflow/ 2 2 22| 24t AIHEHEHE 23] TF-KRH A= ¢
Elﬂ E—?;J% 2tot TensorFlow %gil s ?—_RI:HI HOE EEE 3

:=r_
-n-cll——— o] kA Dol= ObaAd
T R E=E |x|- “—'T—'.C)is g0

[2tH] | E 7 A O.I A
-7§2 F2 AlZh Mon Jan 16 2018 16:00:00 GMT-0800 (PST) =

-Bt= AlZE Tue Jan 17 2018 09:00

]
2 o 4 pss AR @O A2 H + prlze $ 7|- =

72 TFSR #elAy Hojstd 2ES SLCH (ITfst EHE 8

= 24) 82 460l 2 72 tis| #HojE S5t dAaeiun

[HE AN

1.3¢l oo 2 He THSI0 HEl 27) + A" + 712 225 AEES 12 e

2 87X MZ: hitp://bit lyfifkr_voice XI OI_ A'_ E_I. — 3 D:' —Il_
CEE Y ATS ge S E 1Ho|a = — — O = o 1=
2 gE5 10 €8 dgsio 5oy gy, 22 34 dHEY Xd EI o DH _l A Il‘
[ E 108 A2 LfH) O = K—I— | —/
1108 dg= S22 50T (KRW) =2 (122 152 O[F dgh

2 HEEoZ A2 EEUX EN HE 4T + A F7 Y gES E2

1000H (KRW) =71 =3

HER| EEZ TF-KRZZ S| HEIR| T2 g 7k E (TBA)

3. ZEA Ji{hs BEE AJE: gEIE (HIEAI2HZ), 0|F T (NAVER Clova

Speech), ZS(F1712), S (SKT 42141 7|2 E), AWS (242, TF-

KR 2T

4 E22E I H T (Aaws o - B2 usD1,000)

5. WA A= HER 19 TER 2.5003% (KRW) ==

6. FA FH= #ER 1022ty ET SHEE 1,000THE (KRW) &f 2
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My 2"d kaggle race — E 2{'d ot S F o H X}

Deep Learning
with Keras

Giancarlo Zaccone, Md. Rezaul Karim,
Ahmed Menshawy

DES 9l Elaid 25t AIE 1
|

Z3| 698,4198| - Z£|Z YGH|0|E: 2017. 5. 6.

Deep Learning
with TensorFlow

12 o

AL == =3

stackoverflow

KAIST Molecular Simulation Group 31
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My 2nd kaggle race — 7§ 20| A 35S}

@ Speech representation and data exploration
520 . % be ginner, data visualizakion

178 a @ End-to-end baseline TF Estimator LB 0.72 5 s Sound Al_‘g_""e"tfif'_‘__!—i_!f’mﬁa

| 0 &30 W» 20UNd Tecnnog
EE =

- ~1 @ Simple Keras Model with data generator
18 Mo A 15 'Tii @ High Resolution Mel Spectrograms

13 & @ Keras Directory lterator - (LB 0.72)

7|2 38, L Ho= F ) 7hX| B

KAIST  Molecular Simulation Group 32



My 2"d kaggle race - H| & &

D

Raw wave of /yes/0aZc2a8d_nohash_0.wav 0‘0

Y 02 24 [ 08 1o
Spectrogram of (yes/Ua7c2aBd_nohash_0 wav

*,

K/
%

KAIST Molecular Simulation Group

O — KAIST - Deparimeni of Chemical and Biomolecular Enginesring

Audio processing

X Spectogram
Deep learning
X Convolutional neural network(CNN)
X 1D, 2D
< Recurrent neural network
<> LSTM
<> GRU
Deep learning tools
X Tensorflow
< Keras
Deep learning technique
X Data augmentation
< Parameter tunning
< tensorboard

33



My first research topic using deep learning

- Time series data Ol &M sign aI(outIier)%
Ot SH= neural net = BF=0 2 X}

Tensorflow competition Of| A{ Hif =
spectrogram + 2D CNN = A2 ol € X}

KAIST  Molecular Simulation Group 34



My first research topic using deep learning

KAIST Molecular Simulation Group
ol KAIST — Depariment of Chemical and Blomolecular Engin

35



My first research topic using deep learning

Anomaly detection = X| 2 &0 7t =712

(@ Reviewed Dataset

Credit Card Fraud Detection
Anonymized credit card transactionsslabeledasfraudulent or genuine

. Machine Learning Group- ULE - last updated 3 months ago

v Kernels Discussion Activity Downioad (66 MB) New Kernel ’

4 I 4
Credit card transaction
data Of| /U=
Fraud(outlier) detection

- / -

Time series O] =

Outlier detection

;_lL:I el — MXI—

KAIST  Molecular 5 |‘mu_Iat|onGroup



My first research topic using deep learning

.
Autoencoder = 225t

H| K| & st

Unsupervised Anomaly Detection via Variational Auto-Encoder
for Seasonal KPIs in Web Applications

Haowen Xu, Wenxiao Chen, Nengwen Zhao,  Yang Feng, Jie Chen, Zhaogang Wang, Honglin
Zeyan Li, Jiahao Bu, Zhihan Li, Ying Liu, Qiao
Youjian Zhao, Dan Pei’ Alibaba Group

Tsinghua University

-~

~

Error(reconstruction
XA O Sk
e e B el newral error) 7} LS. B4 0| O Ef o b
u§f£ci| o neEtwOo Ié OL 7L7 - How faran HOIH7I E 2 kl=
el 1018 = =71 abnormal is from threshold 1 &4
the normal regions \ /
KAIST Molecular |muIat|on Group 37
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My first research topic using deep learning

A1 =1 For now
N\

KAIST Molecular Simulation Group
ol KAIST — Depariment of Chemical and Blomolecular Engin
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Kaggle Korea

2 &5 AM, A Lis ATk
Study Together, Share Together

http://kaggle-kr.tistory.com/

https://www.youtube.com/channel/UC--
LgKcZVgffjsxudoXg5pQ
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