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© 5% AlPlatform
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© Flexible Offering
MSAE &2t et 28 =8E
Offering M| 2

©® Edge Analytics
CieFok Al =5 8!
Public Cloud2| ML/DL tool ¢14|

@ 3" Party &%
CrFst Al =31 8l
Public Cloud?| ML/DL tool 917
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Esl Al Platform - Azt

Brightics Studio

=3 Sales Forecast x|+

Home > Sales Forecast & Report > Sales Forecast

ejeq nduy salqereA

aupno

%6 One Hot Encode [ %6 Train Data .

21:3e:11.671 21:30:11.078

%6 TestData °

21:3@:12.81

© =4 workflow A|2+s}

2]

YU=C|O[E] A=t

E XGB Regression .
Train

21:30:12.785

Double-Click +
to add Function

& 00 B B i8I
Column(s) :41 Row{s) :136
E Table - D X
No. ITEM_ID YEARWEEK WEEK WEEK_SEQ PROMOTI SALES_QTY SALES_Q TEMPERA .. W *
1 item_0 201801 1 130 0 677 -0.89661 6.54
2 jtem_0 201802 2 131 0 493 -1.10212 5.56
3 item_0 201803 3 131 0 412 -1.19259 773
4 item_0 201804 4 133 0 1615 0.15107 581
5 item_0 201805 5 134 0 1938 051183 39
6 item_0 201806 6 135 0 1793 0.34988 06
7 item_0 201807 7 136 0 1618 0.15442 203
8 item_0 201808 8 137 0 1516 0.04049 177
9 item_1 201801 1 123 0 1026 -0.79606 654
10 item_1 201802 2 124 0 715 -0.881270 556 +
4 3
Go to page: 1 Show rows: 1000 =
table model

[ Evaluate
Regression

21:30:146

- Python Script :
[_—J Filter - ITEM_D

21:32:14.60

[ Python Script :
Filter - ITEM_14

CIO

| D 1\

INTERNATIONAL DESIGN
EXCELLENCE AWARDS

FINALIST

7

IMPACT-ech

. | ESlSle
X od=o
. %8 Welt .
21:38:14.230
. %8 Melt .

XGB Regression Predict (Z

< | @ ==cfo|Ef A3}

#FOBEOQX

T T
item_12 item_16 item_S

ITEM_ID

v Inputs ™
& table 1§ Box plot «
!‘ Test Data
E out_table
» 6,000
mode!
so004 ¥
lé XGB Regression Train 4000
Lt
model S 3.000 | |
2 2000 L
=4
o 1,000 5_
+ Prediction Column Name
Q
pradiction
-1,000 T
item_0
+ Group By
0 columns selected Select
3
e HASEA = A|AlSH
mgaT . =20

item_9

(GFie «

M item_0 M item_1

item_10

tem 9
itemn_8 =

item_7

Go to pags: 1

& 00 B8

Column(s) :42 Row(s) ;136

item_11

item 0
_~—item_0

Show rows:

aed

eleq uiniay

PR

#FLOEOQX

item_12 W

item_1

000 =



@ 5%t Al Platform - 24

Scala(CH22), Python, R, SQL 2 SILIC| A|2ts}

samsung Sbs Brightics % opt_test x  +

Home > TESTO1 > opt_test

O Scala &2 Ho|E £M

0 EHQ_E': E"OlE.I Ioad "5 Filter %% Split Data
oo 8:20:48.341 8:20:50.450
3
@
E Load }r], Statistic Summary
£:20:30.862 £:20:47.134
g‘ [ Query Executor [# Scala Script
o e
g E E
i
[# R GroupBy [ r

|z Linear Regression
Train

8:23:0310

Z Linear Regression
Predict

8233076

[Z Pythen Script

© scala, Python, R, SQL 917 &L

O Rz

Function

o

Process

Control
Manipulation
Statistics
Transform
Extraction
Regression
Classification
Evaluation
Clustering
Recommendation
Time Series
Autonomous Analytics
Text Analytics
Script

Deep Learning
Prescriptive Analytics
Big Data Chart
Optimization
Anomaly Detection

UDF

@ 8- ed @B ©

Data

O sie|ma| ¢S K|

=
$9f300%

Okl

Manipulation
Transform

Extraction
Regression
Classification
Clustering
Recommendation
Time Series
Autonomous Analytics
Text Analytics

Deep Learning
Prescriptive Analytics
Optimization
Anomaly Detection

[

o
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7||_ HXHl_lEl'ool_l'T':ﬁ E—Tl—alﬁgeo
S * Decision Tree R, oo .
:’I:I-lt:.]culalinn ) G.LM . User
statstics °I)_<|2§ar Regression Defined | =
Tl'cl.'sic.'m L4 Function
- +KNN
* Random Forest
* Logistic Regression
* Support Vector Machine o _ N
° Navie Bayes — —.—..:1_,.7..-.-—;-;;.. — . ]
oo * K-meansGaussian Mixture
Clustering * Association Rule [ HEEr TRy &8 [
ecommancsson -C'ollaborgtlve Filtering _ import statsmodels.api as sm
Time Series * Time Series Decompostion import statsmodels.formula.api as smf
Text Analytics *TF-IDF & in_table = table[0]
jD:A result = sm.OLS(in_table[label col], in_table[feature_cols]).fit()

<

model= result.summary()
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ot
SE

m: Auto Feature
Selection

@ Split Data
w8 &8 XL

0 x

Age -
586 56
19.7 28
805 28
12.2 90
793 14
670 90
801 7
750 28
817 14
954 28
850 7
755 56
129 28
830 28

96.2 100 =

Showing 1 ~ 773 of 773

HIEXOo| moiZ| *|7|- P
(e R = O -
z
. g
3
o
2
&
. Auto Data Cleansing
18:27:21.355
o6 6 Auto Feature Selection
Auto Regression
m: Auto Regression Evaluate . .
® Predict y— - Regression y Auto Decision Tree
T Auto Classification
Auto Time Series
AH ot 1a|= i O U 1z|=ga43) H miatm|E| ANE]
o-r '|EJ—E|:|Rank|ng 210|S&E3 & O HIE] SB[
»
T TenTE ¥
@ Split Data-1 (| ‘\
Mo. | fegressor params metrics
» Y Column® 1 Random Forest numTrees:29;maxDepth:6;featureSubsetStrategy:all;subsamplingRate:1.0;maxBins... | 0.8369521480724534
Double Strength 2 Random Forest numTrees:16;:maxDepth: 7. featureSubsetStrategy:sqrt;subsamplingRate: 1.0;maxBin... 0.8164499375153857
3 Decision Tree maxBins:45;impurity-variance;mininfoGain:0.0;minInstancesPerNode:1;maxDepth:8 | 0.7695649265437133
v X Columns ™ 4 Decision Tree maxBins:94;impurity-variance;mininfoGain:0.0;minInstancesPerNode: 1;maxDepth:6 0.72835193130518
8 columns selected Select 5 Random Forest num Trees:26;maxDepth:4;featureSubsetStrategy:log2;subsamplingRate:0.7;maxBi 0.6985091260102894
Double Cement 6 Decision Tree maxBins:97;impurity-variance;mininfoGain:0 0;mininstancesPerNode:1;maxDepth:5 | 0. 6975167596938445
Double ElastFurn 7 Random Forest numTrees:18;maxDepth:3;featureSubsetStrategy:all;subsamplingRate:1.0;maxBins__. | 0.667804478833853
Doutle FlyAsh 8 Random Forest numTrees:20:maxDepth:3;featureSubsetStrategy:log2; subsamplingRate:0.7;maxBi 0.6458478070499631
9 Decision Tree maxBins:69;impurity:variance;mininfoGain:0.0;minInstancesPerNode: 1;maxDepth:4 | 0.6348005586584676
v Metric Name @ 10 Linear Regression | solver:|-bfgs;elasticNetParam:0.1972;regParam:0.09;standardization:true 0.5956223340066424
Please Choose: o 11 Linear Regression | solverauto:elasticNetParam:0.8164;regParam:0.0176;standardization:true 0.5955694374545154
12 | inear Regression | solver.|-bfgs;elasticNetParam:0.0056;regParam:0.0506;standardization true 0.5955243624931023
¥ Search Method 13 Linear Regression | solver:normal;elasticNetParam:0.272;regParam:0.0044;standardization:true 0.5954464549310082
grid 14 |inear Regression | solvernormal;elastichetParam:0.3398;regParam:0.083;standardization:false 0 59543555970065653
e 15 Decision Tree maxBins:93;impurity-variance;mininfoGain:0 0;mininstancesPerNode:1;maxDepth:2 | 0.4247173613278097
[ ] = z
Go to page 1 Show rows: 1000 = Showing 1~ 15 of 15
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samsungsDs Brightics & opt test

@ Optimization A&

Home > TESTO1 > opt_test

OPT 2019021583715

OPTIMIZATION SETTING
< . !; Split Data . % %:.l:_e:rﬂmessmn U INUTTIRE
Bl o o - -
E 8:20:48.341 8:20:50.439 8:23:0.310 Column Name 8
- g
s Sense laximize
. |Z Linear Regression o/ Evaluate o
¢ Summary Z Predict & Regression
Parameters -
8:20:47.134 8233876  eeeeeeee-
- |é Linear Regression Train Use
~ _ a
9 . . . A 5 I.-" 1 'Is'r‘;t:“': Regression Regularization g
Optimization A|2}2} 3
4
Best Parameter &%
- % Isotonic Regression F_l/ Evaluate Min 0
Predict Regression
Optimization Progress X 8:23:2.267 8:23:20.88 Manx 1
SECECEEIRS )
History Obijective Value Types =1
#  reguianization types o =
® Objective a = o -‘-I_ Type CONTINUOUS E
1o 0 O t' H t' |° o S 8
2 oss 0 0337 p IMmization = 1| ¢! Intial Valus | 0 E
3 oot 1 ol OI'_'E_ =< . . Min 0
oo =.112|= Binding
5 00725 0 | Max 1
[l 0.015625 9457
7 o 0 i
;i‘ Advanced Settings -
8 0 0 044
9 00021875 0 Method
10 |0.0021875 0.00390625 0354 Soga -
Best Parameter Soga
r——— ypes 3 T 7 T Coliny Cobyla
1 000875 0 Coliny Direct

Gonmin MFD

Wesh Adaptive Search
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O|OfX] ti|o[&{ 2| 2tAT LixtE 2}
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Labeling X}53}

@ IEEEEE
’ = B B 2 B
o foss [ [ wn [ ] v
I — 50 s f o f s
mages .
Text CJ|O|E{ X{z|
v HEjAEA v Term-Document Matrix
Aa v Qolo{Hizt v Document-Term Matrix
v Word2Vec v Word Count
Text v Doc2Vec SRS

v/ Extract Keyword (2XtE3 X} ZHIK|H)
v’ Bag Of Words

U CIft Text HIO|E| X{2| 7t5 2|&
EI:-lIE.I

7
-\

= E6}

o
‘ts

23 Hs

Decision Tree
XGB
Classification Random Forest
KNN

K-Means
Hierarchical

Clustering Gaussian Mixture

Association
ALS

Recommendation )
Collaborative

Alexnet

DeepLearning VGG
Inception V3 &



%‘E 0|E*|'0 E‘ ‘-'.-_E| - Model Manager

DO K, HiZ 2| S +H 7], 85 ZLIHY 75 HE

Brightics Model Maneger DEPLOY BASICINFO STATUS SETTING

o ol X 3t
Deploy Portfolio List a EE H-l — I_E'l 9 j_ll- EI:-"H:| AI-C.)-H-.-1§I'

[]
DEPLOY TARGET 1 0 2 0 2 1 ==2 2 oL©o
e d e d )
—
@Recem OFuII Olncomp\ete - - " Batch AXl [=) x‘lEx'"_T'_
~  China Td—T O o
~ Europe D Target Name Ver Task Status GV Created by Create Time
v Frankfurt [0  Europe-Helsinki America Dream2 1.0 DEFLY Complete 2019-03-26 15:20:43 rrAAKL Va admin g~ = comment 2019-04-04 13:44:43
»  Helsinki [0  Eeurope-Helsinki How many people like tofu? 10 DEPLY Complete 2019-03-25 15:29:43 76,5 x Vs admin g2 comment 2019-04-04 13:44:43
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