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What are Auto ML & XAIl?

The Current State of Automated Machine Leaming - KDnuggets
wa -

DR Sww RnUpDet ComY wwrmat
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" FR i ]
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Automated machine IQ:W - Wikipedia I
Bitps (en wicpedas OWENAUROTUTIeS_Machine_leaeng *
: UF WX HOINA WHU?
e e SR,
Rrpes tavionied Baseiies ) eofi avol meA
v Ot 0] L AER S K7
* 24t OfWA SHSA?

Google Reveals Automatic Machine Leaming: A |, Can Create itsed

#1598 twwe Frvarse com s Repiant 1 AL v

A e by & M 0 AL % B
N s 0 3 e

The New Hork Times

- e Can AL Be Taught
to Explain Iself?

As machine learning becomes more powerful,

Explainable Artificial Intelligence

From Wikpeda. the bee sccyciogeda
the fiek!’s researchers increasingly find
An Al (XA} or Alls an anficial inteligence (A1) whose actons can be easily themsedves unable to account for what their
uUnderstood by humans. It contrasts with “black box™ Als that empioy compiex opaque alganthms, Algorithens know = or how they know it,
where even ther desgnens cannol explan why the Al arrived at 8 specific decaion || XAI can be used
Wy CUIPY KUANG NOW 313077

10 implement a social nght 1 explanation ) Transparenty rarely comes for free; Tare are ohen

L) Aqte 5904
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Why AutoML?

The C
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Macem
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Auton
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-
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= Feature Engineering2 0| 80iA] O{H W42 {EH =82

LeEX oz g AXoks
Appen d:.x A: Dl’i,' * Dates Transformer

Transformations In Driveriess )
engineered features, Driveries

The Dates Transformer retrieves any dat

© Year
© Quarter
© Month

® Fllter Transformer

The Fitter Transformes ¢

» Frequent Transformer

The Frequent Transforn

either the raw count or 9 e

© Second
® Bulk Interactions Transtormn
® Text Transformes
The Bulk Interactions Tt
dita The Text Transform transforms 3 tex

document frequency) or count {coun

® Truncated SVD Numeric Tr reduction using truncated SVD.

Truncated SVD trains o
* Numeric to Categorical Target Encoding
truncated SYD will be n - bt

This transtormer converts a numeric

» Cross Valkdation Target Enc target encoding is done on the binne

Cross validation target
® Cluster Target Encoding Transformer
© Cross Validation Categorici Sebected columns in the data are clu

This transformer comves
encoding is done on the

L) Aqute 5DA

® Cluster Distance Transformer

Selected columns in the data are clu
cabculated.

M 2HE0{0F 50| E2 2E0|

* Weight of Evidence
Creates liketihood type of festures using the Weights O [vidence (WOE) transformation
method. The weight of evidence telis the predictive power of an independent variable in
refation to the dependent variable, for example, the measurement of good Customers in
refations 16 bad Customers.

WOE « |n | _Distribution of Goods
Distribution of Bads

This coly works with 2 binary target variable. The leShood needs 1o be created within 2
stratified kfokd if 3 HE_transform method is used. Mare information can be found heve:

WAt COM/ RO Information v ahue- snd- wel gt -of-evidenc it

* Numeric To Categoeical Weight of Evidence Transformes
This transsormes corvens & numesic column 1o Etoparical by Dineing and then croates the
Bethood type of features ising the WOL transformation method.
* DateTime Label Encoder
Time series frequency preserving ibel ercoding of date times o relative times in jm)
* DateTime Label Normalizer
Norralzation of labed encoded time-axis Detween train/valkd or train/test,
* Lags Transtomer
Creation of target or feature Lags.

® Lags Interaction Transfomer

Creation of interaction Detween Larget/feature lgs (g2 - g1, for instance)

* Lags Agpregates Transformer

Agpregations of target/feature lgs Bhe mean{lig7, g 14, Lg21) with support for mean, min, 1
i, median, sum, skew, kurtoss, st
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Wha Why Why XAI? - Accuracy vs Interpretability

Thet = Featur(
s YeE
e Focus on Accuracy
Appen
Autoh
ooy Transformat!
CCRR engineered |
by
- Rl eeeeeneonon.... Real-wiorld use case
A The F
oot 5 Research on
P
woywy * Frogut / “interpretable models”
- 2
3 sithes
Goog
ey D0k by Decision Tree
. The £
2 data, +*
Cioua PERCIL /
- e millions of weights, + @
i complex features 10X1+X2-5=0
Explair S I T
nterpretability : i
SO i Linear Classifier
An Explainabl
understood by * Cross Val
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° 3 Thist
encot
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Wha Why Why LIME(Local Interpretable Model-agnostic Explanations)

= Black box0f Cj&t ©E A=

Thec = Featur

s oL = B2 Addd(local)dt model-agnostic(22 )
e Appen
Aol . Black box!
Nean.y ransformat!
CCBR engineered |
—— x
‘::(;.‘- ® Fllter Tra ! \
Auton The x
o s
Astton 3
piores » Frequent
,ﬂ The f i

M T v B E(lLocal) “
Goog rese ] .- ¥ Model-agnostic
TS ek ) o ,;r' ;E'_l?f:méﬂ \

=3 =

F:ud * Truncate = =

> o \\“ ‘/ NP

Explair » Cross Val
From Wipeda \
Cross
An Explainabl
understood by o Cross Vil
e This t ZEH: M. T. Ribeiro, 5. Singh, and C. Guestrin, "Why should | trust you?: Explaining the predictions of any classifier,” in Proceedings of the 22nd ACM
18 mplement a - . - .
encox EIGKDD International Conference Gmdge Discovery and Data Mining, 2016, pp. 1135-1144: ACM.
L) Ague s () AqueSol  [T) AqueSOL| [T) Aqute SoDA 17
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c & https://rpubs.com/BBSSDDSD/simple_h2o_intro_usage

it [ using the Graph API @) TAHE TEE E£F [ =z2tsa R Instaling and Start ) databricks/learning & Knitr with R Markd 0z 2 Working with Da

H20 &7 Sd ZHEHSH A2

SHASHH 2. o2

H|7F 4712 1f 7| X] = h2o LI CE

K&t & H O] AR M= BB EFTO| h2os java 7| Ere| {2 d/al E3E 2l |,

H 7t HE h2oE A3 HE T 20169 102 FH AL23H7| A|Z =0 O 0 B 0] 2xxx CfH &L Ch
JEH O 0 @A h20& 47 5H= documentation O] L 5 M 5|0 QLO] Al ALS RS [ 30| RS ASELICH
HOMPZ2 7| X2t H 20| S EA. AFET| 2E sl E70 L AaE A S A gselda.

. JolgpEANeNel olHo R e 2L

= =
D =T EISICL (POJO/ TH S Y HAES MEs 0k
PQOJO: Plain Old Java Object

SEHH0| =0 (h202 S2H2AH2E)

22| FEES A7) AT EHEL (h2o2| UI)
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E Using the Graph API

LLE.

(&} 8 https://gitlab.com/ByungSunBae/DL-with-R

@ A2 B

=k ] O 2z aa

of| Al m=7]

R Installing and Starti

) databricks/learning-

& Knitr with R Markdc

o % N

Iz 2 working with Da

GitLab
D DL-with-R Name Last commit Last update
£ Project 3 .gitignore commit 10 months ago
Details 21 AboutNN.R modify code 10 months age
Activity [3 AboutNN_batch.R commit 10 months age
Security Dashboard [3 DL-with-R.Rproj commit 10 months age
Cycle Analytics & Iris_dnn.R modify code 10 months age
@ Repository 2 README.md add refers 10 months age
O Issues 0
2 README.md
i1 Merge Requests 0
e Simple Implemenation of iris dataset classifier using Two layers Neural Network
€3 Operations * Activation function : sigmoid
* Just cloning and Executing iris_dnn.R script file !
2 Registry

* Reference : httpy//junmabweebly.com/data-blog/build-your-own-neural-network-classifier-in-r

¢ Collapse sidebar

RE Feis 2= 27112 5| & 20| E 7IX|= Neural Network
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GitLab

7 TensorR @ public ® Add license

T  TensorR
Tensorflow in R
€ Project .
Project ID: 4471323
Details
1 9 star o Y rork SSH~¥ git@gitlab.com:ByungSunBa: [y [ + v A Global »
Activity

Security Dashboard Readme Files (339 KB) Commits (47) Branch (1) Tags (0} Auto DevOps enabled  Security Dashboard

Cycle Analytics S T o S B
Add Changelog Add Contribution guide Add Kubernetes cluster
@ Repository
master TensorR / + ~ History Q Findfile = WebIDE @ =
O Issues 0
ot P B
I Merge Requests 0 £« debugging : out bounding error 67d3cods [
w2 ByungSunBae authored 10 months ago
# C/CD
G Operations Name Last commit Last update
]
. B 1_introduction Basic Operaticns 11 months age
2 Registry
I 2 BasicModels debugging : out bounding error 10 months age
O wiki
I 3_NeuralMNetworks Meural Networks using tensorflow in R 11 months age
db Snippets
I Add_RLinR change gamma 10 months ago
£ Collapse sidebar
3 Aitinnars firct remnmit 11 mnnthe 3mn

RO A Tensorflow AF25| H 7|
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