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MACHINE =M Jensen, 2016
LEARNING

£ DEEP
Q{} LEARNING Examples From The Three Related "Areas"

Machine Learning

= algorithms that learn
models/representations/
rules automatically

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

biological " from data/examples
. « u . g . . . . = a non-pbiological system
Since an early flush of optimism in the 1950, smaller subsets of artificial intelligence - first machine learning, then that is intelligegnt Y

deep leaming, a subset of machine learning - have created ever larger disruptions. = algorithms that parameterize multi-layers

P J 9 rg¢ P through rules neural networks that then learn

~ representations of data with multiple layers

N =
ZM4: NVIDIA 2=

of abstraction

Sebastian Raschka STAT 453: Intro to Deep Learning S8 2020
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Types of Machine Learning > Labeled data

Supervised Learning > Direct feedback
Machine > Predict outcome/future

Learning

> No labels/targets

Unsupervised Learning > No feedback

Supervised Unsupervised [l Reinforcement 22 e fie o0 SIS I e

> Decision process

Task Driven Data Driven Learn from Reinf L ) SR d
(Predict next value) (Identify Clusters) Mistakes einforcement Learning eward system

> Learn series of actions

| &3 i

=14: towardsdatascience

=14: Raschka and Mirjalily, 2019



"APCC

APEC JIR4H

. JIAEIS0IE

=S &

b
H1
1ot
l>
tot
ms

22 / HE0IAl

| © / «—— linear decision boundary
7 e [/
® & © © I, ®
® %G © @
S ® o © ° 1) S
target y @ < X, =) / .
(dependent variable, ® KR . o © ,/ @ ®
=
output) @?@,®® o , o o o @
- oo ! ®
; o,/ ® o ®
X X g

feature (input, observation)

=M. Raschka and Mirjalily, 2019 =

@ |II

i
I
-1

=M: towardsdatascience



N
T O

2,
HOIEz 22

PC2

=7: Raschka, 2020

SRR R

s=RhBeFES S ﬂafg
s e S e s

B

20 R e R I = L i e s o s o )

oo BEEENE TR s el

- SREaElE PR sl

- IHCCENETEETCCETETENT
<38 6> ki 9| eigenfaceZtZ2 0| &t O|0|E{ 5| (reconstruction)

=X darkpgmr E21

Ika

M

X OI0IEE MXHA

Y

i,
e,
— APCC
e APEC JRUuH

=M: Raschka, 2020

Iy

vy 9

=14: towardsdatascience



ACTION

_t

|

ENVIRONMENT

STATE, REWARD

==+, ;
gx‘l . med|Um .com ﬂ Google DeepMind

AAAAA

Vinyals, Oriol, Timo Ewalds, Sergey Bartunov, Petko Georgiev, Alexander Sasha
Vezhnevets, Michelle Yeo, Alireza Makhzani et al. "Starcraft II: A new challenge for
reinforcement learning.” arXiv preprint arXiv:1708.04782 (2017).
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Outgoing Long wave Radiation (OLR)

Sea Surface Temperature (SST)

Precipitation (PRCP)

Snow Cover Extent (SCE)

500 hPa & 850 hPa Geopotential Height (7500, 7850)
Sea Ice Area (SIA)
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TL

=\ Data Libray} X— (Y} U’
(JU [NCIAA NCEP CPC GLOBAL monthly olr [0 -0 [91 255 -91.25N [Jun 1974 - Mar 2021
\j'

lnesmipmn| Documentation |  Views |  Data Fittos | - Data Selection | DﬂmFHssl Data Tables | - Expert Mode

NOAA NCEP CPC GLOBAL monthly olr Data Files
This dataset has bytes (2.3630976E07 22.536255MB) of data in it, which should give you a rough idea of the size of any file that you ask for.

Download Data To Specific Software

ingrid ||The Postscript-based software on which the Data Library is built.
CPT IClimate Predictability Tool More information
ferret  |[Interactive computer visualization and analysis software. More information
GrADS ||Grid Analysis and Display System More information
matlab |Data analysis and visualization software. More information
NCL INCAR Command Language More information
WinDisp ||A public domain software package for the display and analysis of satellite images, maps and associated databases, with an emphasis on early warning for food security. Mor information

Other Available File Formats

Full Information Formats

[These files contain all of the available metadata

OPsNDAP IA system which downloads data directly to software, such as matlab, Ferret, GrADS, etc. Specific instructions are available in the table above. Note: OPeNDAP was for
I System). More Information

netCDF (network Common

Data Form) IA commonly supported self-describing data format. More Information

== FJI0E J0IEA NDIEE, 2018) &
|20 CHotH ATHIE Ti= &HE

4 Home » ERSST_V3n

On this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Download/Plot Data | Analysis Tools
Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Contact

NOAA Extended Reconstructed Sea Surface
Temperature (SST) V5

Values from 2008-2018 have chaned at the source. We are changing our data updates to update older values instead of
just appending values each month (as of 2020/03/23).

Brief Description:

« A global monthly SST analysis from 1854 to the present derived :gffwﬁ";sf"'m"ﬁ Mar 2021
from ICOADS data with missing data filled in by statistical methods. ,,, =5 e foen
More Details... e

Temporal Coverage: :
+ Monthly values for 1854/01 - present. oty ¢ 2 7

¢ Long term monthly means, derived from data for years 1981 - 2010. ”;

Spatial Coverage: "
« 2.0 degree latitude x 2.0 degree longitude global grid (89x180).

« 88.0N-88.0S, 0.0E - 358.0E.

Levels:
« Sea Surface

Update Schedule:
« Variable

Download/Plot Data: (Download Issues)
‘ariable [Sratistic JLevel File [Create Plot/Subset|

|Sea Surface Temperature| Monthly Mean rfacefds sstmnmean.nc h :I

s2a Surface Temp: Long Term Mean| menim.1981-2010.n¢]
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A Home = PSLHome » GPCP V2 Precipitation

On this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Download/Plot Data | Analysis Tools
Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Contact

GPCP Version 2.3 Combined Precipitation Data Set

Note: This dataset has been updated to version 2.3 and will be updated regularly. 10/09/2020: Grids from years since
2015 have been replaced. See the NCEI webpage for more information
Latest available data: Click to Enlarge

GPCP Feb 2021
1981-2010 LTM

Brief Description:

» Global Precipitation Climatology Project monthly
precipitation dataset from 1979-present combines | *"
observations and satellite precipitation data into
2.5°x2.5° global grids.

Precipiation Anomaly mmiday
L L

aon
son
Temporal Coverage:

» Monthly values 1979/01 through Feb 2021 (some |« -
months are interim). '

= Long term monthly means, derived from years
1981-2010.

Spatial Coverage:
s 2.5 degree latitude x 2.5 degree longitude global
grid (144x72)

* 88.75N-8875S, 1.25E- 358.75E

Levels:
o N/A

Update Schedule:
« Monthly

AFX
o o,

2018) &=

/) RS FOR 79N
e INFORMATION &,

Formerly the National Climatic Data

ome Climate Information Data Access Customer Support Contact About

Home > Climate Data Record Program > Terrestrial > Snow Cover Extent (Northern Hemisphere)

APCC

APEC JIR4H

e Snow Cover Extent (Northern Hemisphere)
THREDDS
NOAA CDR Snow Cover Extent (Northern Hemisphere)
Documentation
CDR Flyerfy
Use Agreement
Algorithm Description )
Data Flow Diagram
Maturity Matrix
Source Code

Information

Contact=
Registration (optional)&
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u A Home » Gridded Climate Data » NCEP Reanalysis Products: Pressure level variables

On this page: Temporal Coverage | Spatial Coverage | Levels | Update Schedule | Download/Plot Data | Analysis Tools
Restrictions | Details | Caveats | File Naming | Citation | References | Original Source | Contact

NCEP/NCAR Reanalysis 1: Pressure

‘We have transitioned the data files from netCDF3 to netCDF4-classic format on Monday Oct 20th, 2014.

Other Grid Types: NCEP Reanalysis Main Page | Pressure Level Data | Surface Data | Surface Flux Data | Other Flux Data |Spectral Coefficents Data

| Tropopause Data

Brief Description:
* NCEP/NCAR Reanalysis 1

Temporal Coverage:
* A-times daily, daily and monthly values for 1948/01/01 to present

+ Long term monthly means, derived from data for years 1981 - 2010

* Values are instantaneous at the time indicated in the files

Spatial Coverage:
» 2.5degree x 2.5 degree global grids (144x73)

+ 0.0Eto 357.5E,90.0N to 90.08

Levels:
= 17 Pressure levels (mb): 1000,925,850,700,600,500,400,300,250,200,150,100,70,50,30,20,10

= Some variables have less: omega (to 100mb) and Humidities (to 300mb).

Update Schedule:
+ Daily

NevmnlasADlAe Natas MaaoslasA leciiac)

=: MU JH0IEA N

&8,2018) 28

(NSIDC) National Snow & Ice Data Center #*
*

r data sets

RESEARCH

Sea Ice Analysis Tool )
A new data visualization tool easily helps customize sea ice
data into graphs or maps. Read more ..

Scientific Data for Research

"APCC

APEC JIR4H



=8 G o

Lakels

Test Data
DElo| =2 /H= Ul HIAEE
ot Itz 22
° E O:”*H}”*_IE E'”ﬁE —+—-6OH-6|-I| (LD-é!-J_l_ — Parformance
Leave One-year Out Cross Validation — g
o Training Labels Algorithm — FPerformance

— Parformance

Prediction
]—» Parfarmance
Test Labels

Hyperparameter

Training Data alues
-
Trairing Lakals Lﬂﬂl‘l’lil‘lg
Best Algorithm

Hyperparameter

9 Dhata _ Values
Laksals " l.H'ﬂl'l'lil'l'g
Algorithm

[
-

=H: Tensorflow E=2_1



Xtz M2 L 2AH 2 (Feature) M A

NetCDF S99 At= &1 J|
)22 A2 XISH CHof S

ZH XIG0l CHoll MBE & 128 ~ Boll B 48 =
s Ml S22 =2 2 ASY | &HE

NIA =g e | ERY=ly
= WA M= 2He EHE

Ak X9tz JIZZAINIE ()
sst rg1_sub_ 2 1
sst rg2 3
sst rg3 4
sst rgd 4
sst rg27 1
sst rg26 4
sst rg30 4
sst rg14 4
sst rg20 1
sst rg19 4
prep rg12 1
prep rg12_sub_13 1
snow rg8 12
snow rg8_sub_9 12
snow rg10_add_11 3
snow rg9 3
snow rg10 3
snow rg24 3
snow rg28 3
snow rg11 3
snow rg24_sub_25 o
500hpa rg16 4
500hpa rg15_add_16_sub_17 12
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year

sstrgh sulsst 1923 sstrg3 4 sstrgS 4 sstrg27 1 sst 1926 4 sstrg30.4
o. 062 076 024 037 027 00

33 2
053 079
151 073
0% 018
-040 000
029 058
o1 02
004 073
059 057
094 018
012 -012
066 004
036 051
069 -028
050 031
065 012
070 -046
072 053
103 050
000 036
023 023
054 039
062 024
110 025
065 055

007 028
049 033
066 039
051 029
041 002
083 -060
149 044

048 050
003 -005

-051 043

170 053

154 091

126 054

108 065

014 056

059 058

023 -om
070 051
A3 103
002 018
029 022
049 023
074 oM
024 038
014 -068
051 049
017 -004
081 -103
057 -040
-051 004
054 041
022 017
067 046
024 040
079 -006
033 016
048 014
029 014
014 019
010 010
028 -016
039 008
006 017
0s6 021
032 004
027 078
046 032
034 -041
004 006
020 003
-034 036
035 074
049 009
000 025
027 024
040 047

1980

043

1

ss1.1914.4 55t 1201 sst.1g19_4 prep_rg12 prep_1g12 snow_rg8_snow_rg8.s snow_rg10snow_rg9_snow.rg10snow_ rg24snow.rg2€ snow_rg 11 snow._1g24 500hpa_rg 500hpa. rg1500hpa_rg seaice laptev. seaice._bering seaice kara_3 seaice_barents_ obs
0. 037

23 051 -106 093 002 005 034 004 023 008 008 011 005 1062 988 3419 1315626 767, 3000220 24957284
043 043 027 140 149 014 030 004 012 005 014 017 -008 412 8706 1989 1245059 8787726 3160611 36201619
007 038 024 148 160 017 018 029 003 004 005 021 025  -018 477 8442 3224 1757447 2410128 38067.11 37635739
052 006 054  -334 315 -002 009 015 -004 012 -001 004 003 001 -1984 3845 743 517061 4483507 2345655 48986.60
042 049 006 019  -151 012 018 031 004 o 006 021 021 002 2043 2560 4199 1222050 -11610243 254883 6461029
055 041 016  -266 157 014 014 041 004 022 007 017 019 007 319 19092 663 973706 12679347 1285676 6728406
019 070 034 205 224 005 005 002 003 006  -004 003 004 019 232 951 1398 567950  -50769.63 604303 15814473
048 017 014 260 269 020 018 048 004 029 007 015 019 010 859 508 7467 333738 821790 2510142 30350364
009 004 018 061 004 013 013 039 004 030 007 009 009 004 2140 9138 3236 1214209 2780566 21843698
031 019 015 253 095 o1 011 019 001  -008  -001  -008 011 011 -3605 4190  -276 730894 13942633 2060776 12177341
012 043 026 144 21 007 008 030 001  -017  -005 009  -012 001 -2330 7143 5054  -1244306 5844383 1173081 9169066
009 014 039  -208  -203 003 003 005 001 009 001 002 005 006 757  -5281 2039  -828690 1728112 3245576 9232075
057 003 020  -286  -261 012 012 039 000 008 003 023 031  -0M 1217 8128 -1732 969572 7455336 1115021  -6834176
053 040 043 358  -274 006 006 039 008 016  -009  -022  -024 015 753  -6023  -2729 274482 1666491 1392551 7614506
009 -028 005 059 036 003 003 019 001 013 003 006 006 009 -3419 12966 2539 1181615 1742696 2963189 17136968
007 013 039 232 316 001 001 002 003 -003 003 -001 001 007 1105 2306 -2021 1743751 12798064 80194 5644904
020 038 014 191 159 006 006 -030 002 015 001 014  -015  -009 2649  -3029  -49.18 819300 6812598 -5719.89 5852658
003 035 038 057 064 010 on 007 002 001 003 008 006  -003 194 2410 5092 1715081 -7033621 261478 11933506
03 003 046 393 350 o1 012 061 007 03 013 022 025 026 849 9352 4282 2158097 11740994 2775342 35313902
050 020 016 091  -156 012 013 029 003 o 005 015 018 018 695 5691 1914 1348395 4022998 3376772 22654142
060 -010 042 039 -070 006 007 021 003 006 004 016 015 005 744 18568 -097  -194548 25452728 654431 3756661
006 044 055 140 151 007 007 034 004 016 006 014 o018 015 106 1541 4842 1214520 7423578 2004206 16149074
028 016  -001 030 004 017 022 05 005 028 009  -025  -029 011 -1509 5855 1575 1337899 13751525 2784063 13049166
024 046 003  -001 099 009 009 006  -003 016 004 017 023 019  -646 -10646  -2839 500455 -10268395 2637379 25026469
018 019 023 247 25 003 004 018 004 020 006 002  -002 015 347 2684 4504 2445515 12004784 2838477 10968472
013 018 -030 a1 200 006 006 013 000 005 000 007 008 -010 512 4215 426 128267 -13454288 2814727 38469.88
000 027 000 226 091 015 015 006 003 -003 004 007 009 024 162 1775 913 2715552 18421168 53903 -4960302
023 006 008  -348 338 045 046 031 004 om 006 015 020 001 3365 3643 216  -5804893 6277540 1723901  -18229564
041 002 006 343 290 000 001 054 007 029 012 023 025 005 859 12542 326 1505147 2548015 1425306  -13110167
000 005 014 140 194 009 009 026 002 014 005 012 012 010 1427  -8059  -2755  -1106424 14013141 1130857  -4709096
020 005 002 061 009  -002 -002 057 004 026 008 027 031 007 2075  -1484 4849 102969 4059923 905935 930439
012 042 025 102 013 015 015 031 003 016 005 013 014 -001 718 1816 1728 -2060220 1274990  -4522464  -6823432
015 -007 031 101 036 014 015 021 001 008 002 012 013 005 479 8482 531 70569 20016207  -9534079 22195465
006 016 066 111 118 014 014 059 004 026 008 028 033 015 234 3977 701 1367305 7353521 3199984 3171027
021 009 013 284 320 005 005 019 007 015 -008 006 004  -011 824 1699 233 3270216 7794829  -3875928  -21519405
038 000 022 073 055 006 005 -001 000  -008 000 003 007 009 944 7918 1600 649771 19387534 -1821905 17833310
016 102 027 138 -186 028 028 015 001 008 001 008  -007 005 712 5218 -060 968255  -8566405  -5324550  -31801658
037 006 009 048 016 o1 on on 000 009 001 002 002 007 1472 452 335 633325 19926200 7916268  -183763.36
025 023 016 169 139 001 002 009 005 010 006 000 001 009 1184 9544 1804 46435 24755538 1387131 6267955
o1 024 004 043 202 013 012 049 001  -024  -003 026  -025 005 1447 5947 1082 -570121  -5517964 368539 4174717
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Activation
transfer
i Scaled
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function)E HZot gt tnput Hidden Output

ave . aver(s ave
layer weights, layer(s) layer
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== Spectral reflectance, Thematic
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- Multilayer Feedforward Backpropagation Network
Radial Basis Function (RBF) Network

Convolutional Neural Network (CNN)

Recurrent Neural Network (RNN) S

HIXIEets

- Self Organizing Map (SOM)

« Autoencoder

« Generative Adversarial Networks (GAN) S

dotels
- Finding the balance between exploration (new
territory) and exploitation (known areas/knowledge)
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from sklearn.neural_network import MLPRegressor

mymodel = MLPRegressorfhidden layer sizes = (188), \
activation = "relu’,
solver = 'sgd', \

alpha = 8.1,

learning_rate = ‘constant

learning_rate_init = 0.0081, \

tol = le-2, %
max_iter = 1060, Y
momentum = 8.9,
random_state = 42,

)
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from sklearn.neural_network import MLPRegressor

mymodel = MLPRegressor(hidden layer sizes = (180), \
lactivation = "relu’, |
solver = "sgd*, \
alpha = 8.1,
learning_rate = ‘constant', \
learning_rate init = 0.0081, \
tol = 1le-2,
max_iter = 18080, %
momentum = 0.9, %
random_state = 42,

)
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Sigmoid 1 Leaky ReLU )
o(z) = i max(0.1z, z)
tanh Maxout
tanh(m) 0 ma,x(wllfw + by, wga: + b2)
ReLU ‘" ELU
max(0, z) {w 220
» . ale*—1) z<0 - ~ i

net inpu
!‘IE;‘}

Summation
function
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activation
functon

activation

9

threshold
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ﬂg*._ljo:“:lol- from sklearn.neural_network import MLPRegressor
mymodel = MLPRegressor(hidden layer _sizes = (188), \
activation = 'relu', \
L S P~ =] — — 1 ]
MSD HHTH P2 DIXls R4S et =T |
learning_rate = ‘constant', \
o e L R 'Learzing_rate_init = 0.801,
o S2UETSH0] A ox iter 2" 1068, \
e =FA SEA momentum = 0.9, \
_?2 OI:II-T = random_state = 42, \
- o5 E1dS )
. SISE S22 KA S
- AL oY (Gradient descent)
HIE SIAS XA} BHs JHEKIQH H3t &) Btk
S mT= e 0l JIs o = «  SGD: Stochastic gradient descent (ZEX -
«  Momentum: SGD with momentum
. |:||..C<_DE‘<|5:+_J|\_': QUHIH O Z AT 2} 01|§ O] Iﬂ:lgﬂ «  NAG: Nesterov Accelerated Gradient
o TS E|[H/X|AZ XH)| QIS EI2HMOZ A[H|QIE - Adagrad: Adaptive Gradient
L BISEO . *ETD_IOT = . - Adadelta: Adaptive Delta
° O‘l O = 7|’8I|9J' J%E |:||:‘||O|E H F%IL «  Rmsprop

O*DHJOI'OiOF%*II =2

« Quasi-Newton
« Levenberg-Marquardt S
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from sklearn.neural_network import MLPRegressor

mymodel = MLPRegressor(hidden_layer_sizes = (188),
activation = "relu’, 1\
solver = 'sgd', \

alpha = 8.1, \

learning_rate = 'constant’, \
learning_rate_init = 0.0081, \
tol = le-2, %

max_iter = 1060, Y

momentum = 8.9, %

rananm_state = 42, \

)
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Expert is the
Knowledge Base

f [n_fer"ence Engine
Il_‘l_El_jl-QJ |:H O-” I—II"EJO—l E[ng Il*_! -@4 - Solves problems

9}& E 4 - - Draws conclusions
— -
2 JHE(EM), #&, 252 F8E X&)

~
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e Q\H
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Domain Knowledge

User

- Hypotheses
- Rules
- Conditions
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Hist M2t A A
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Conditions

Hypothesis 1 Rule slope > 0°

T XEE BHEWHXIE X The terrain (pixel) is Specific combinations slope < 10°
ot 01&0ot= =HX JHEM & suitable for residential of slope, aspect, and ‘ -
SIotLE = X206 EHEHE =2 development that proximity to shadows Jg aspect > 135°
AT & A= 100V makes maximum use result in maximu_m ‘ ........
of solar energy. exposure to sunlight.

shadow = FALSE

FIGURE 10-4 A human-derived decision-tree expert system with a rule and conditions to be investigated by an inference en-
gine to test hypothesis 1.
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Machine-learning Hierarchical Decision-Tree Classification
of White Fir (Abies concolor) on Maple Mountain, UT

Human-derived Hierarchical Decision-Tree Hypothesis, Rules, and Conditions Rules Conditions
- D | o u R for the Classification of White Fir (4bies concolor) on Maple Mountain, L'T. A 9 lvaton<e20 :?'__' |:| | II_-I LJ._I?I_ _E_ _'Er :
= [ T =TT, Rules Conditions 2 TNband 1> %2 HHE EJ
g jJ B _E_ j |- e s'b-hfgei_/=m*b<":ﬁ Hypotheses unm}< 2 TH band 4 2 =0 —
2 Aaprc = TE |———— Al

9 Elevation <= 2455
\_m..}<4”7‘w"” Other

= 9 Aot o8| ‘\\ /?TMMI)IS
9 Bevain = TAUE |  Elevatin =R 9 Elevten>= 1500 \ﬂ}% 9 TN band > 82
9 Slops -5
9 Sopn = ThUL | } < - D TMband5 <= 47
2 Shogn o0
2 Mot = Rk D f—————————— 9 THbandS> 47
Hypothesis Rule 2 w1t o
7z ——]
) //7 m= / 9 TM band5> 47
9 ™ sand 2¢a 20
2
b //? ™ bard 35w 22 == fus £ 2 Aspect> 305
™ 2 g THUE o Mutaactal " -
T 2 M 3R 9 Elevation > 2438
LT I Whie i (Abies concole) 9 Slope> 34
2 Maanddce3 ?
TM band 3 <=23
\‘) M bard 5>=19
9 M sandS<n 47 == Ruls F Q TMband4> 9B
2 Now>e02 T 9 Elevation¢s 2%
? TRUE f— } A ’<,’/
T 2 MM 07
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23
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(information gain)

Impurity = 0.5

00000 Information Gain = Mother - Children
:05-(0+0375+0)=0.125
(T X T ) O
Impurity =0 Impurity = 0.375 Impurity =0
MHEH2I =2 (Information Gain)
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1.200

40
valie = -0.020

samples samples = 36
valie = -1.761 value = 0.164

300hpa_rgl7 3 sst_rgl8_add_19 sub 20 3 <= -0.762 snow_rg2d_sub_25 4 <= 0.865
mse = 0.0 mse = 0.056 mse = 0,483
samples samples =2 samples = 21
value 935 value = -0.24

N

- o b 20 3= 5 =06z

—— —— — o sst_rgls_add_19_sub_20_3 <= .34 $00Lpa_ral6 3 == 0.623
: g = - mse = 0.184 mse = 0,100
samples = 1 samples = 1 samples = 1 sanples = 1 les = 0
valie=-2.607 | | valie=-2.565 | | vale=-0.600 | | value=-1171 i s

seaice_barents_4 <= -1 281 S00Lpa_12lo.

mse = 0.0
samples = 1

mst
samnples =

valne = -0.287 value = 1.235 vale = 1.114 value = 1.529
820hpa_re22_3 <= -0.024 x00hpa 4<=0.516 / \
wse = -0.0 priar =
mse=0.009 mse=0.030
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Training dataset
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from sklearn.ensemble import RandomForestRegressor

mymodel = RandomForestRegressor(criterion = ‘mse
n_ estimators = 1608,
max_depth = None )
min_samples_ spllt =2, %
max features = None, \
bootstrap = True, \
random_state = 42

)
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HAE JIH - WIOICHE AE(Adaptive Boosting; AdaBoost)

e Dataset

« Weighted
e o dataset

Weék learner #1

Z=14: Misra and Li, 2020
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from sklearn.tree import DecisionTreeRegressor
from sklearn.ensemble import AdaBoostRegressor

mydt = DecisionTreeRegressor{criterion = 'mse’, %
Base Estimator= ZEEZ] e oehies SpLit = 2, \
- E2J9 X ZO0I(NoneQ! AL XHZ HH) e features ~iiorey |
* 7|’I|7|’ Ur—'.——(HI' 2= OII_ OIO A mymodel = AdaBanstRegreiSGrIbase_estimatar = mydt, \
- JHIE LU= M%% %IE'_*J XIH JH2('sgrt * 2 lzarning rete = 1,\ "
A MM Y8H L 20| HE2) rondon_state < 42"

2 O) Ji== )
'SE MEZ22 shEXHF 0 JIHoHEZE & X HeH0~1)
Al & E'c‘sk [[H

£ shA JFEL] (0]



=
1o
f>
o
=
m
o
0%
~
=
1%

00 U
ot
N

T
I
mio
rx

2

H
|

HotD D SAS AT AMS WHS Hotk

=
m
=

Al (Support Vector Machine)

Support Vector Machine Classification (Linear)
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MIEE HE [HAI(Support Vector Machine)

Feature Space

Input Space
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RBF

Kernel function Feature space

Input space
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MEE HH 3] H(Support Vector Regression)

Gamma HEO| Al
oFLIOl Xt= ¢HE0| = dlhtot= HEIE E&
RBFO| &L H=T L2}
OHM f Hel

Asidi=
Qo 1=

'scale ' £ X|H
C: 3ot OHHH
I*_’QPFE‘ CO HrH[
B HOH AN {82 AW M Jisd

Epsilon: &

Kernel: Z1121S0A AIE0= HE EHY

tIH:II dlot= A== gammalt 3
Jt B0 1T gammalt E9H H
ot 1/ (2 E'*J ==+ X9 248 0

E'
Xl
=
1S

= o O

Zal 0l ol E HE

from sklearn.svm import SVR

mymodel = SVR(kernel = 'rbf
gamma = 'scale
C=1.0, %
epsilon = 0.1, Y
)

O

+ O

o O
+ O
% + O
O Oo

O.o0

O ++

Input space Kernel function

v\
v\

Feature space

=M bskyvision 221
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TABLE B1. Contingency table for tercile forecasts.

Observed category

Predicted category AN NN BN
T x-X) (%Y AN a b ¢ PRED A
- " NN d e PREDwnn
E.I-I-lO;"é% 2 OJ' E% ]clgjl' TXY = 1 BN g h { PREDgy
\/ ? (x-X)’ \/Ea{ Y) OBS,y OBSyy OBSgy Total n
n—1 n—1
- IIH= &A=
. WA XHMean Absolute Error; MAE) Ak - 24! f‘: =l N lal
MEAE LHEHE S [
S p(PRED,, OBS;) — 3 p(PRED,)p(OBS)
k

Heidke Skill Score (HSS)

Total Accuracy = Proportion Correct
Hit Rate = Probability of Detection
False Alarm Rate = Probability of False Detection

HSS = X

1 - Zp{PREDk)p(OBSk)
k

PC = ka(PREDk, OBSy)
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Toy Example HE 0= 21t

ﬂ-'Z';*._%%* o T = 7o HMHES AFEHO
82 BA)|IZ2 HEZ2HHEN=E A2 M=)
Month HSS ATOta' r MAE  HR (AN) HR (NN) HR (BN) YEAR | _TRUE_L_PRED
ccuracy 2016
Jun 0.40 0.61 0.46 0.45 0.50 0.56 073 2017 NN NN
Jul 0.23 0.49 0.42 0.85 033 0.54 0.56 2018 NN
Aug 0.16 0.44 0.33 0.91 043 0.54 0.36 2019
2020

Ed|E 0IE¢!

~
=
1ot
o>
1
IR
0!

E 2| (Decision Trees)

YEAR TRUE PRED

Month HSS ACTC‘ffraa'cy r MAE  HR (AN) HR (NN) HR (BN) 016 NN
Jun -0.01 0.34 0.27 0.63 0.00 0.38 0.53 2017 NN
Jul 0.19 0.46 0.28 118 0.50 0.38 0.50 2018
Aug 0.27 0.51 0.23 1.07 043 0.62 0.50 2019

2020




Il. JIAIstSE 012t ZII0H=
Toy Example HE 0= 21t
8E Bz HEZHHEHSS 42/0 HE)

aME JIY - eHEE Y AE(Random Forests)

YEAR TRUE PRED
Total

Month  HSs 00 r MAE  HR (AN) HR (NN) HR (BN) 2016
Jun 0.09 0.44 0.40 0.47 0.00 0.81 0.33 2017 NN
Jul 0.30 0.54 0.41 0.85 0.33 0.69 0.56 2018 NN
Aug 0.24 049 0.51 0.81 0.29 0.77 043 2019 NN

2020 NN
HAE JIH - WI0ICHE AE(Adaptive Boosting; AdaBoost)
YEAR  TRUE  PRED
Month  HSS ATOta' r MAE  HR (AN) HR (NN) HR (BN) 2016
P 2017 NN NN
Jun 0.10 0.44 0.45 0.48 0.00 0.69 0.47
Jul 0.27 0.51 0.37 0.89 0.42 0.54 0.56 2018 AN
Aug 0.20 0.46 0.45 084 029 0.69 0.43 58;_3
== n

MIEE HIE 9| Y (Support Vector Regression) T TR0 | PRED

Month  HSS ATOta' r MAE  HR (AN) HR (NN) HR (BN) 2016 M
ccuracy 2017 NN NN

Jun 0.11 0.44 0.49 0.43 0.10 0.63 0.47 2018 .
Jul 027 0.51 0.42 0.80 0.33 0.69 0.50 2019 .~

Aug 0.20 0.46 0.49 0.81 0.21 0.77 043 2020
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probability)
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Likelihood

p(D

MZ& =M (evidence)
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MEX XZ(Classical Inference)
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ot
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. JI A

JILAISH T2 | A: HIZ =~ HIOIXI2H P&

Mean

Sample 1

O

20 1

15 +

'
'
]
'

T
o
—

05 1

004 ¢

-0.5

-1.0 1

-15
=20 4

Mean

Sample 1
-~ Sample 2

--—— Sample 3

Mean
- Sample 1

-- Sample2
-- Sample 3

-3

Three samples from posterior

Noisy data

Three samples from posterior

Noise-free data

Three samples from prior

EM: martin Krasser github
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Gaussian Process=
JHXIH Qetot fEHA=0|

yl. HQI '
.fl("\ Io fu’)

),

x; 2 x; Jt IHIH

£ D ABEA ()0
)& TS 240124 THE olgH ZH

<= M8 (stochastic process)2 = 9|9 &
4
=

SHEFL p(fx), -

1 x € R4 (il 2tEH

., f(xy)) = Gaussian

+ f(0)E

p(f1X) = N(f|u, K)
u(x) T et

Kij = x(x, %)  B24Le5(3E)




Il. JIHsHSE 01Est U=
y
I TR A T 0I0) RSB THR vt B £, O ZEH2 R (f*)”vN
GP AFHEZZ p(fX) = N(f|p, K) GP UH=2X p(tX, y) K, = k(X, X) = K
S (=2 \_ | K. = (X, X.)
plf X X.y) = J plEIr. X Jp(f] X.y)a. K., = #(X,,X,)

1
RBF 2 9! DHJHEHA  lxi,X,) = O?E"P\‘ 7 (i = %) ' M(xi — x)| + 078
WES x, 0 THBH0I= £ t t T
B Vertical variation Length scale Noi
_ _klk1 olse parameter
p(f* X-, X, y) = N(f* ,u*,E*) pe =Ko Ky narameter Darameter P

Yo = Ko — K*TK;IK*

HEO W= LML (210 28 REat) X0t E 28

log p(y|X) = log N (y|0,K,) = — -
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- AUC (Area Under the Receiver Operating Characteristic Curve)
- False positive rate= x=0I, True positive rate2 y=0l = ROC = Ot HX

» Perfect Forecast: 1.0
« Random Forecast: 0.5
« RPSS (Rank Probability Skill Score)

Tue Positive Rate

10 A

08 A

b=
(=21
L

=
'
L

0.2 4

00

sk_owerall
A 'IP.‘-' :}_q?
4 i | -
JMJ ,“"
F
Ja"
P
')
7
-
% -
- ',4"
5" . g
a ’
r’f
’
# L
- n
t
. = = micro-average ROC curve (area = 0.64)
e e =  macro-average ROC curve {area = 0.61)
e ROC curve of &M (area = 0.61)
v —— ROC curve of NN {area = 0.60)
= ROC curve of BN (area = 0.62)
T T T T
0.0 0.2 0.4 0.6 08 14

False Positive Rate

"APCC

APEC JIR4H

RPS = > (Y — Ox)’,
k

RPSger = > (Px — Ok,
k

RPS

RPSS=1 - 3
RPSget

where k refers to categories of AN, NN, and BN; Y}, O,
and P, denote cumulative forecast probability, cumulative
observation probability, and cumulative climatological prob-
ability for category k, respectively. A perfect set of fore-
casts would be scored as 1.0, and a set of random forecasts
would be scored as zero.
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Toy Example EE0= 21t

Ak

g3t &

o

IS A2 2 | A

Month

Jun
Jul
Aug

Month
Jun
Jul

Aug

HSS

0.25
0.33
0.28

AUC
0.70
0.74
0.71

i1 E=

"APCC

APEC JIR4H

28372 EZN (ZHENSSE 42U A
-T— - = o —
8E oTL"7|_ — = —=Vl== oo —
Total YEAR TRUE PRED
Accuracy L) Ot EIND 2016
0.50 0.50 0.45 0.48 0.44 0.59 2017 NN NN
0.56 042 0.82 0.49 0.49 0.68 2018 NN
0.52 0.46 0.84 0.57 0.31 0.67 2019
2020
RPSS
0.10
sk_tmm_mé_It1 sk_tmm_m7_It2 sk_tmm_m8_It3
0.13 10| ——— 10 4 104
gaw Tl
0.13 _-._'14-;_)73
08 A AL -t // 0.8 A 08 A
;_ [ ’,d
06 . -, =06 06
=l - =l =l i
F = . - ] F L
- e - 5 s 5
2 044 i ol 2 044 2 044 o
= ‘!- s = = t
; P = micro-average ROC curve {area = 0.71) = micro-average ROC curve {area = 0.73) 5 P micre-average ROC curve (area = 0.72)
02 - - = = macro-average ROC curve (area = 0.70) 024! = = macro-average ROC curve (area = 0.74) 024« : I,’ = = macro-average ROC curve (area =0.71)
o —— ROC curve of AN (area = 0.66) 0 —— ROC curve of AN (area = 0.80) = - —— ROC curve of AN (area = 0.75)
': m— ROC curve of NN (area = 0.54) e ROC curve of NN (area = 0.60) .:‘I z’ = ROC curve of NN (area = 0.52)
» ROC curve of BM (area = 0.83) ROC curve of BM (area = 0.76) :"| ROC curve of BN (area = 0.80)
0.0 T T T T 0.0 T T T 0.0 T T T T
0.0 0z 04 0.6 0.8 10 . 04 0.6 0.8 10 0.0 0z 04 0.6 0.8 10

False Positive Rate

False Positive Rate

False Positive Rate
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