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VES. ATAHIgE. #tm=EZE (Machine Learning). EEZEE (Deep Learning) EWLWSEENRITD T
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ARTIFICIAL

INTELLIGENCE

MACHINE
LEARNING

{

DEEP
LEARNING

A

1950's 1960's 1970’s 1980’s 1990’s 2000’s 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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loan_amnt annual_inc int_rate term emp_title emp_length home_ownership  addr_state last_ pymnt_d loan_condition
O—>#4 £FUN FIF IREHARE ki $E i LR EEFRBETER fEEEM RI&EFH O—>4R%
30000 100,000.00 22.35 | 36 months Supervisor 5 years MORTGAGE CA Jan-19 Good Loan
Assistant to
40000 45,000.00 16.14 | 60 months | the Treasurer <1year MORTGAGE OH Feb-19 Good Loan
(Payroll)
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~ ° —
12v bk =R

FRIRT—45 DFY
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2017
ResNet Goo_g\:.fNet SENet

15



https://www.pfmjournal.org/m/journal/view.php?number=32
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks

WRFEESIILDERD

TEDRATY T THRFEEDETILOEBZITo> CERID. 1>T0v N —9%ZB8ERaTEI<
(CIEfES — AN ESNIBVWK D RBERESE(OEHTE B,

WRFEERDODATYD

i P (HE3R) %

?—9W§:>> $g-ﬁm:>>

TR EIEBENEDS LD ICHMFBET L EFEBS

E. BxaY
12T7vhk %Wﬂ?.}?%ﬁ 13
F—4(X) T (y)

S,=3~ F—ASDEENE
e W | haocsses
S AEBWE

7o FH (HEsm

BEEA O BTSN ERN TS Ty N
— I STANEREL. ERT .

1>Tv bk T A ‘ ¥ iHlE
F—4(X) T %y)

/

O—> DR UIAFHFIC(E. BTDOANBEAGEIC
e MO SIRVDT, FRHEMNZ(CIID




HSEN

T—AYAIFTA ANER?
HRFEEE(E?
F—API>FT A bDiLiEH
$535 Citl# 9 dKaggler

HSHDIC



T—ABIATA B

IL<EBNTWVWBART—IDHIAFTANIIETFED 2 DD, T—IN1_T%S KDDH EE
9 B3KDD CUPEB%. sfldERIDOEENI>FT A NEHIET DI EE,

Kaggle SIGNATE

SIGNATE ® Competitions & Users & Learning [&j Career = Others NOT1Y  +BER

Data Science Competition

ent

® AVURANDSMAE

WAl - By T T -5 ERE CREOEHK

12 AR ERRERICO> TR MIEMEEN DD,
HRINST—ITA T2 T4 ARED,

https://www.kaggle.com/ https://signate.ip/ 18

HRF|ADT—YDHI>TRA b, #I3505 ANVEFL.
EPHAEENSDHEES.

BARDT—HDHI>TRA b~ BARETRHESNTED. J



https://www.kaggle.com/
https://signate.jp/

DeNA KagglettRAS > JHIE

KaggleDpki& (i U CERRFEID—TE SIS ZKaggle([CEHTD Z &EMVAIEE

— Competition Medals

- Performance Tiers
0-99 Teams 100-249 Teams  250-999 Teams 1000+ Teams :gi;& @ 5 gold medals
@Bronze Top 40% Top 40% Top 100 Top 10% Granarﬁaster ! Solo gold medal
@ Silver  Top 20% Top 20% Top 50 Top 5% oéo ) @ 1 gold medal
O @
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w gosigml:m . Gold medal 1fil @) Contributor 52,012\ (41.3%)
Master it Rank U Novice 67,476 \(53.6%)
- Sliver medal 3@ B Sliver medal

wm @
:M

Kaggle ¥ 20%

competition point >0 MA%% (2019%F128IRTE)
https://www.kaggle.com/progression

https://dena.ai/kaggle/



https://www.kaggle.com/progression
https://dena.ai/kaggle/

[£2E] Kaggler DREDEE (Iki%) et den i news/

BRI NRTLUAES

Kaggled>~R71>3>"RSNA Intracranial Hemorrhage Detection”TDeNAD XA O3VAE

OIS & Kaggle Grandmastericab XU

s010100s | LR THfESNIc"'Kaggle Days ChinaidA7 544>V RF712 32T . DeNADT—=FHY LIV T4 Ab
o ZE20F—LHEBULEXLLE

2019.10.8 Kaggled>~R7« >3 TEEE-CIS Fraud Detectioni C.DeNADT— AT T1 A28 F—LA
o DBHIICADELT:

2019.10.7 Open Images 2019 OARFTr> 3> YEREEFIT.DeNAQAIRRRARER I Z7H 6L (VOSNE
o h1{iz) =S ULELE

20199 .30 Kaggled>~R7 >3~ "Recursion Cellular Image Classification" ICTDeNADAIMRFERAEL Y
o —7PZ20F—LDAGICADEL:

2019.4.19 Kaggled>~R7 s3> Santander Customer Transaction Predictioni ©.DeNADFT—%H 1Y

TAANEEE3F—LH 21, 8L OfUICADE LT



https://dena.ai/kaggle/

D> 5T A M

Kaggle CIRAA)L 5D (VYO2 D, F—A3D) 2019%F118IRTE 125,564 AH 627111 (top 0.5%)

HATODELE SIGNATE

v EEFANE SRR GEEEON I T AN 2LAE

https://www.slideshare.net/matsukenbook/sighate-108228406

21


https://www.slideshare.net/matsukenbook/signate-108228406

F—ARMATAMEE

FEELODDITWURT —FHRMH SN, OFAMIASY-EE, SEGFBRCSITE. F
U FRIESTIILOFARBEZRE D . ROSNIZHBRCREBEAIVICEDE, B - AB&EZ
RIE

b IF—HBAT 57« [ . S = e
” v F595>0- K TRETIUBS

o
o
o

o
o
*

A5 A R A=

. BT
(Kaggle)- TAETIL
v DT A NEHRR—ZAH| | v KaggleTld, B—/{—LET v $EERRH /ST
v F—4\H Notebook™®XTUT MAET | | v U—F—R—R(5>F>24

v EFLEMET —/ \— iR 3050 RBIEEIR R )ADIRERR IR

22



A2FAMDIALARTS21—)

A KaggleDI> T ANE2~35 A DORMERART. 1>7 AMRIZEOD 1 BEKSVRICGFIARSIOELIEE . F—
LY—2 (EBATF-LZHEIE) OHARNGD. BB ER(ICRRINEMNETE TS

COBEMEHOIzER(C Private Leader Board
. » -  — ‘
Private LBH“ . @I>FTARY—=)\—
= & E 1 \‘ f— | g6 | 1-Y4& Ad7 BEAE | wEAE

— Eﬁﬁ"‘J”xﬁLD EEL-E . 1 | user 001 0.834 48 | 2018/4/26 20:07
_EQE,‘J (C (3:2"’37% / g 2 ;enrmatsu4 0.812 95 | 2018/4/26 20:40
1 3 [ user 002 0.807 2 | 2018/4/23 14:37
[ \ 4 | user_003 0.798 84 | 2018/4/26 20:05
5 | user_004 0.791 40 | 2018/4/24 22:58
_> 6 | user_005 0.791 6 | 2018/4/26 21:22
B 7 [ user 006 0.790 14 | 2018/4/25 21:03

=] : R R R R

|
|
| [ U —4 —7R— RICESMED J
| BEIIATHNS>F I TRRESND

LZAR F_AT-T | | IDFANET ¥
514 2R NEfTHEE - -
mAC AV
HETE

v FMERRREI R Y= —h— RIC(EZFRIFEE R D7 H e &N
IoF IR REND,
v 1B&IEDOY T2y MelE(3E8El(CHIBRENTLS

S
il
it

23



27 A MMl : REERATR Do IZ¥EDz=RY

https://www.kaggle.com/c/PLAsTiCC-2018



https://www.kaggle.com/c/PLAsTiCC-2018/leaderboard

EBREERXAERR LSST
2019 fF (TR S BIBRIMEHERALHBEDBIRIRA% 15 BHEICHHE

=F: 3

https://www.kaggle.com/michaelapers/the-plasticc-astronomy-starter-kit

C

FU

25


https://www.kaggle.com/michaelapers/the-plasticc-astronomy-starter-kit

EARTFHEBLALTRTERETE? S
BHLA U ChRFIMOND

Figure 14: Difference Imaging "Postage Stamps" (Reference, Image, Difference)
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F—SDHE e roe
RARDID DR SYDBITERE
object_id mjd passband flux flux_err detected
Y EDE@J: - TdT QD\HU_J)EHT 9 Cl:' L/_C%’J 615 59,750.42290 2 544.81030 3.62295 1
140K 175 25N, KEL(L7848K 4K R ' '
e ) 1 615 59,750.43060 1 -816.43433  5.55337 1
v FHIROT—F(E3ED EL <H94.5(81T,
2 615 59,750.43830 3 -471.38553 3.80121 1
ARERTHI350 KK
3 615 59,750.44500 4 -388.98498 11.39503 1
YrYr —
v COFHNROT —FDIREZB D 4 615 59,752.40700 2 -681.85880  4.04120 1
4 %d)'ﬂﬂx 9512:(:%?5%"&"%*&&\ J—-Eﬁ?:g__ 5 615 59,752.41470 1 -1,061.45703 6.47299 1
. — M —
9 ' 9512:@*%%U§?73\%an5 6 615 59,752.42240 3 -524.95459  3.55275 1
7 615 59,752.43340 4 -393.48023  3.59935 1
RARMDID IEfE>—74  RIADIERI&ES
object_id ra decl gal_l| gal_ b ddf hostgal specz hostgal photoz hostgal photoz_err distmod mwebv target gal
615 349.04605 -61.94384 320.79653 -51.75371 1 0.00000 0.00000 0.00000 nan 0.01700 92 1
713 53.08594 -27.78440 223.52551 -54.46075 1 1.81810 1.62670 0.25520 45.40630 0.00700 88 0
730 33.57422 -6.57959 170.45559 -61.54822 1 0.23200 0.22620 0.01570 40.25610 0.02100 42 0
745 0.18987 -45.58666 328.25446 -68.96930 1 0.30370 0.28130 1.15230 40.79510 0.00700 90 0 27
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5 — R D)

["L-BFGS-B"
"Nelder-Mead"
"Powell"
neGh
"BFGS"
"Newton-CG"

" TNC™
"COBYLA"
"SLSQP"
"dogleg"
"trust-ncg",]

optimizer_list

def neg_log_like(params, y, gp)
gp.set_parameter_vector(params)
return -gp.log_likelihood(y)

grad_neg_log_like(params, y, gp)
gp.set_parameter_vector(params
return -gp.grad_log_likelihood(y) [1]

build_gp_model(x, y, yerr

log_sigma = @

log_rho = 0

eps = 0.

bounds = dict( (-15, 15) (-15, 15))

kernel = terms.Matern32Term( log_sigma
log_rho

bounds)

gp = celerite.GP(kernel )
gp.compute(x, yerr)

initial_params
bounds

gp.get_parameter_vector()
gp.get_parameter_bounds()

# depend on a combination of optimizer and dataset, minimize function throw exception,
# so trying all type of method.
for opt in optimizer_list
try
minimize(neg_log_like
initial_params
grad_neg_log_like
opt, #"L-BFGS-B",
bounds
(y, gp))
return gp

except Exception as
pass
raise Exception(*[build_gp_model] can't optimize")
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