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The DATA step In SAS VIYA

Speaker: Gwendoline Planchon
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The DATA step in SAS VIYA
What?

2 O- HE B B &= O

data DataStep;
set sashelp.iris;
COOI thlng abOut SAS Vlya ? length CatPetallLength $1e;
by Species;
array Petals(*) Petal:;
retaln PowerSummation ©;

e

Your data Is processed simpler
and faster !

AbbrevSpecies = substr(Species,1,3);

1f first.Species then SepalWidth
1f last.Species then Sepallength

9;
9;

PowerSummation = Powersummation + n **2;
TotalPetal = sum(of Petals{*});

CatPetalLength = put(PetalLength,3.);
output;
drop Petallength;

run;

Gﬁ{\gz 3 May | At the Bebop Ssas




The DATA step in SAS VIYA
Why?

SAS workspace SAS Cloud Analytics Services (or CAS)

S - ) -

« Single thread « Multiple (or single) threads

@ « SAS V9 engine * |In-memory data
of the
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The DATA step in SAS VIYA
Method

4 O- W B B &= O

/*x***x***x********X***X****X/

/**%%* SAS yiya DATA Step ****/

/*x***x***x***xx***x***x***xx/

1.Connect to a CAS session

cas mysess sessopts=(caslib=casuser);

2.LOad data into CAS USing PROC CASUTIL libname mycas cas;

proc casutil;

B_Run your DATA step load data=sashelp.iris replace;

run;

4_Check the SAS |Og data mycas.iris proc;

set mycas.1iris;
of the

GEF k¢

85 data mycas.iris proc;
26 set mycas.iris; run;‘
87 run;

NOTE: Running DATA step in Cloud Analytic Services.
NOTE: The DATA step will run in multiple threads.
NOTE: There were 150 observations read from the table IRIS in caslib CASUSER.
NOTE: The table iris proc in caslib CASUSER has 150 observations and 5 variables.
MNOTE: DATA statement used (Total process time):

real time 0.28 seconds

cpu time ©.81 seconds
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The DATA step in SAS VIYA
Method

2 O- R B B = ®

/*****#***x************#****#/

/**%%* SAS yiya DATA Step ****/

/*****x***x********x***#*****/

1.Connect to a CAS session

2.LOad data into CAS USing PROC CASUTIL libname mycas cas;

proc casutil;

B_Run your DATA step load data=sashelp.iris replace;

run;

4_Check the SAS |Og data mycas.iris proc;

set mycas.iris;
o{-‘ the

GEF k¢

85 data mycas.iris proc;
26 set mycas.iris; I‘un;‘
87 run;

NOTE: Running DATA step in Cloud Analytic Services.
NOTE: The DATA step will run in multiple threads.
NOTE: There were 150 observations read from the table IRIS in caslib CASUSER.
NOTE: The table iris proc in caslib CASUSER has 150 observations and 5 variables.
MNOTE: DATA statement used (Total process time):

real time 0.28 seconds

cpu time ©.81 seconds
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The DATA step in SAS VIYA

Method
£ O- HERE B B &

/*#***#***#***X********X*****/

/**%%* SAS yiya DATA Step ****/

/*****#***X************X*****/

1.Connect to a CAS session

cas mysess sessopts=(caslib=casuser);

2.Load data into CAS using PROC CASUTIL

proc casutil;

B_Run your DATA step load data=sashelp.iris replace;

run;

4_Check the SAS |Og data mycas.iris proc;

set mycas.iris;

85 data mycas.iris proc;
26 set mycas.iris; I‘un;‘
87 run;

NOTE: Running DATA step in Cloud Analytic Services.

NOTE: The DATA step will run in multiple threads.

NOTE: There were 150 observations read from the table IRIS in caslib CASUSER.
NOTE: The table iris proc in caslib CASUSER has 150 observations and 5 variables.

MNOTE: DATA statement used (Total process time):
real time 0.28 seconds

OF the cpu time 0.01 seconds
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The DATA step in SAS VIYA
Method

2 O- R B B = ®

/*****#***x************#****#/

/**%%* SAS yiya DATA Step ****/

/*****x***x********x***#*****/

1.Connect to a CAS session

cas mysess sessopts=(caslib=casuser);

2.LOad data into CAS USing PROC CASUTIL libname mycas cas;

proc casutil;

B_Run your DATA step load data=sashelp.iris replace;

run;

4_Check the SAS |Og data mycas.iris proc;

set mycas.iris;
o{-‘ the

GEF k¢

85 data mycas.iris proc;
26 set mycas.iris; I‘un;‘
87 run;

NOTE: Running DATA step in Cloud Analytic Services.
NOTE: The DATA step will run in multiple threads.
NOTE: There were 150 observations read from the table IRIS in caslib CASUSER.
NOTE: The table iris proc in caslib CASUSER has 150 observations and 5 variables.
MNOTE: DATA statement used (Total process time):

real time 0.28 seconds

cpu time ©.81 seconds
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The DATA step in SAS VIYA
Method

2 O- R B B = ®

/*****#***x************#****#/

/**%%* SAS yiya DATA Step ****/

/*****x***x********x***#*****/

1.Connect to a CAS session

cas mysess sessopts=(caslib=casuser);

2.LOad data into CAS USing PROC CASUTIL libname mycas cas;

proc casutil;

B_Run your DATA step load data=sashelp.iris replace;

run;

4_Check the SAS IOg data mycas.iris proc;

. set mycas.iris;
85 data mycas.iris proc;
o{-‘ the

86 set mycas.iris; l‘un;‘

87 LU,

: Running DATA step in Cloud Analytic Services.
: The DATA step will run in multiple threads.
: There were 150 observations read from the table IRIS 1n caslib CASUSER.

: The table iris proc in caslib CASUSER has 156 observations and 5 variables.
: DATA statement used (Total process time):

real time 0.28 seconds

cpu time ©.81 seconds
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The DATA step in SAS VIYA
Method — Attention points

Some operations requiring inter-row dependencies will  * © %@ & & 5 i

/*** SAS Viya DATA step ***/
ER K EEEEEEEEREEEEREEE XX E®E

return unexpected results: oo

cas mysess sessopts=(caslib=casuser);
* RETAIN Statement libname mycas cas;

data irisWithRowNr;
* LAG and DIF functions Nt e

do 1 = 1 to 1000;
ROwNr = ( n *1000) - 1000 + 1;

* Temporary arrays output;

end;

drop 1;
run;

Alternatives to guarantiee the correctness of the

load data=iriswWithRowNr replace;

results:

data mycas.iris proc / single=yes sessref=mysess;
set mycas.irisWithRowNr;
° Run on the Workspace server retain PowerSummation @;
PowerSummation = PowerSummation + rowNr**2;
* Run on CAS using the option / single=yes sessref=mysess run;|

GSas




The DATA step in SAS VIYA
Method — BY statement

j#++ SAS Viya DATA step ***/ * No sorting (PROC SORT) required
‘ * How does it work?

cas mysess sessopts=(caslib=casuser);
libname mycas cas; - Distribution based on the first BY-variable
proc casutil; - Sorted on same worker using the other BY-variables

load data=sashelp.iris replace; ]
* Output sorting:

data mycas.iris BY;

set mycas.iris; data mycars.iris BY (partition=(species)
by species sepallength; Orderby: (SepalLeng—th) ) ;

if first.species then output;
1t last.species then output;

run ) ct all Species SepalLength Sepalwidth

fthe
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The DATA step in SAS VIYA

Conclusion

* Exactly the same functionalities as SAS 9.4, except for:

* RETAIN statement
* | AG and DIFF functions

* Temporary arrays

* No need to sort the data anymore
* In-memory

* Much simpler and faster

SAS

o)



Data Science Jam Sessions by SAS




Analytical Lifecycle




Variable binning in SAS VIYA: Increasing the predictive power
of your white-box models while keeping their interpretabllity

Speaker: Fredéric Thys




Within the field of Feature Engineering

B —

T s

Useful attributes for your medeling taSk‘_'_q‘_

o{f the

GEEKS
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Applied Machine Learning

“Coming up with features is difficult,
time-consuming,
requires expert knowledge.

Andrew Ng

'‘Applied machine learning' is basically coploaming.o: SERERESY

feature engineering.”
— Andrew Ng

SAS
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BINNING For Data Quality Control

Structure of real-world data rarely complete & straightforward

* Binning IS a common step In data preparation
J P Prep The Dream...

°* You can use binning to
* Handle Predictors with Extreme Skewing

* Handle Value Spikes and Distributions

* Reduce the granularity of interval variables x T
* C(Classify missing variables m N—
* Reduce the impact of outliers - N—’
Raw data Dataset Task

* Reveal Non Linear behavior in relation to Target

* Based on the binning results, Weight of Evidence (WOE) and Information Value (1V) also allow to

screen continuous, ordinal and categorical variables based on their predictive power.
of the

GEF k¢
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Unsupervised binning

Unsupervised binning methods transform numerical variables into categorical
counterparts but do not use the target (class) information.

Equal Width and Equal Frequency are two unsupervised binning methods.

eeeeeeeee

Binning Interval (1




Unsupervised binning

_ — ARRRRRARRRRD)L)
Equal Width Binning [ ——
The algorithm divides the data into k intervals of equal
size. The width of intervals Is: .
w = (max-min)/k
And the interval boundaries are:
min+w, min+2w, ... , min+(k-1)w
Mapping
Variable Binned Variable Range Frequency Proportion
Egual FreguenCM Binning Age BIN Age Age < 316 3372 | 0.13015787
. = . . . 316 <=Age <472 9412 0.36329949
The algorithm divides the data into k groups which each o2 —ree <28 v lomme:
group contains the same number of values. G28<=Age <784 3525 013606361
76 4 <= Age 4581 001856641

of the
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Binning Calculation
Code generator

Settings = Code/Results | Split 2 H K 2 [Ellog [£4Code
DATA OPTIONS OUTPUT INFORMATION CODE LOG RESULTS
4 DATA | B 2 Line# | (® sl Edit
1od title;
MYCASLIB.DONOR_IMPUTE - | B  EEe—
Y Filter: (none) 3proc binning data=MYCASLIB.DONOR IMPUTE;
= input MONTHS_ SINCE ORIGIN MONTHS SINCE LAST GIFT IM DONOR AGE;
4 ROLES S run;
“Interval inputs to bin: .
& MONTHS_SINCE_ORIGIN
& MONTHS_SINCE_LAST_GIFT
& IM_DONOR_AGE
Settings = Code/Results | Split £ H N | A= Ellog [£4Code
DATA ODPTIONS = OUTPUT = INFORMATION CODE LOG RESULTS
4 METHODS B & line# | (® i Edit
*Number of bins: | 16 ;ods HEpESCtAEles
Method: Bucket binning (default) = 3proc binning data=MYCASLIB.DONOR IMPUTE;
' 8 : input MONTHS SINCE ORIGIN MONTHS SINCE LAST GIFT IM DONOR_AGE;
S run;
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Binning Calculation
Results

SAS® Studio

[£#4 "Program1 x || [#4 Program2 x || E% *Imputation X || [£3 Program3 x | % "Binning x

Settings = Code/Results = Split 2 H & | Ik [Ellog [£4Code
DATA OPTIONS QUTPUT INFORMATION CODE LOG RESULTS
4 OUTPUT DATA SET & [ [w - 1
The following data set name must use a CAS » Table of Contents

engine libref:

Create data set of binned data A

*Data set name:
MYCASLIB.donor_bin

Include variables from the input data set:
(@) All variables

() Variables used in the analysis

(© No variables

() Selected variables

Specify a path name for the scoring code:

[ |Save scoring code

File name: :

WUP | IM_MONTHS_SINCE_LAST PROM_RESP  IM_WEALTH_RATIN bin_IM_DONOR_AGE bin_MONTHS_SINCE_LAST GIFT bin_MONTHS_SINCE_ORIGIN

SCOre.sas 2 28 1 18 16 12

Folder: 5 20 10 12 11

5 24 - 11 14 1

<. Lyulul 5 12 . 18 1 16

7 24 4 10 14 1

4 Show Output Data 5 7 > 10 15

4 i

Show output data 1 15 11 3 8

. 2 22 1 11 10 18

5 24 10 14 15

Show subset of output data . 3 = : " 12 3

xNumber of observations to show: 10= ' v

of the
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Variable Selection & Reduction via WOE & |V

Too many predictors & wide variability in values can result in significantly
more chaotic information for models

Supervised Binning

Supervised binning methods transform numerical variables into categorical
counterparts and refer to the target (class) information when selecting
discretization cut points. WOE-based binning is an example of a supervised binning.

Information Value | Variable Predictiveness ‘Age Income Ins
< 0.02 Not useful for prediction
0.02 to 0.1 Weak Afget | @ ID'E,S » ?
. OT customer In years
0.1100.3 Medium e Bty et vy oo product
03to0hk Strnng in thousands of dollars 1oves 0=Re
>0.5 Suspiciously good

o{-‘ the

GEF k¢
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WOE & IV Calculation

Results

[£4 *Program1 x || [£ Program2 x || B9 *Imputation x || [£3 Program3 x | % "Binning X || [£4 Program4 x Bin Details
CODE LOG RESULTS Variable gin D | Bound | Bod | width obmff;&?: .| Dctnson | s | e -t gt
& . HERB B & ® | % il |[ines |® | % i | m == | 3= MONTHS_SINCE_ORIGIN | Missing | | | 0 | | | | ' '
1lods noproctitle; 1 -nfty 13250 7 z 0 5 5 & -2.300 0.0034
2 2 | 13250 21500 £.2500 1840 | 17002 0.1042 17 21| 313 0.4862 0.0187
3 proc binning data=MYCASLIB.DONOR IMPUTE WOE; 3 | 21500 | 20.750  8.2500 3138 29 0 20 20 733 00337 0.0012
- input MONTHS SINCE ORIGIN IM DONOR ZGE / numbin=16; 4 20730 38 52300 1 32 : 32 iz 1 -2.197 C.0005
5 input MONTHS SINCE LAST GIFT/ numbin=17; 5 38 | 48.250  5.2500 2423 41000  0.0202 40 41| 579 00508 0.0004
6 output out=MYCASLIB.donor_bin copyvars=(_all_); 8 | 46.250 | 54.500  £.2500 812 | 53.001  0.0351 53 54 218 -D.034 0.0003
7 target TARGET B / event='l"; 7 | 54.500 62750 | 8.2500 1 57 : 57 57 1 -2.197 0.0005
2 ‘ 8 62750 71 | 8.2500 1510 | 85001  0.0513 85 &7 281 0.0670 0.0003
= 9 71 | 79.250  8.2500 1608 7 0 77 77| 428 -0.005 104E-8
10 proc print data=MYCASLIB.donor bin(cbs=10);
£ title "Subset of MYCASLIB.donor bin"; o B e ol = > : '
L = 11 | 87.500 ©5.750  8.2500 1612 | 20002 0.0747 89 g2 | 443 -0.128 0.0014
12 95750 104  £.2500 1087 101 0 101 101 283 -0.054 0.0002
13| 104 | 112.25 | 8.2500 0 0
14 | 11225  120.50 | 5.2500 1425 | 11301 0.1675 113 19 | 301 -0.128 0.0012
15 12050 12875  5.2500 708 12500 0.1407 122 127 | 201 -0.172 0.0011
18 12875  Infty 3103 | 13899  0.1982 120 137 | 889 -0.188 0.0058
Variable Information Value IM_DONOR_AGE ' Missing 0 0
Information | {  -nfty 54375 8 18667  1.5055 0 4 1 05108 0.0001
Vanable Value | 2 | 54375  10.875  5.4375 84 ©.8310  0.3258 8 7 12 0.8031 0.0017
MONTHS SINCE ORIGIN | 00380 3 10.875 18.313 5.4375 15 | 15487  1.1255 12 18 & -0.892 0.0004
. — 4 | 16.313 | 21.750 | 5.4375 122 | 17540 |  1.2027 17 21 22 04155 0.0010
IM_DONOR_AGE | C.0157 5 21750 | 27.188  5.4375 247 | 25310 1.4880 22 27 48 02073 0.0010
MONTHS_SINCE_LAST _GIFT 0.0500 6 | 27.188 | 32625  5.4375 347 | 30254 1.2800 28 32 70 02768 0.0013
| 7 32625 28.063 5.4375 030 35713 1.8101 33 38| 194 | 02348 0.0025
8  38.083 43500 5.4375 1122 | 41078 1.4684 39 43| 272 00408 0.0001
0 43500 | 48038 5.4375 1261 | 46070  1.3277 44 43| 212 00138 123E-7

of the
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SUMMARY PROC BINNING IN VIYA
Conclusion

“More data beats clever algorithms,
but better data beats more data.”

— Peter Norvig

of the
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THE
POWER
TO KNOW.
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SUMMARY PROC BINNING IN VIYA
Conclusion

In recent years, WOE and IV have been recelving increasing attention from various
sectors beyond scorecard development for credit risk.

Extremely useful in reducing variables and allowing to boost the performances of

Interpretable analytical models that are more likely to be consumed and adopted by
the entire organization.

Powerful binning tool
which saves the

guesswork and adds Weight of Evidence
options
Customized binning
levels across ~Information Values

variables
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Clustering: same same and different

Speaker: Joline Jammaers

ﬁof the
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Clustering: same same and different
What?

* Grouping of observations or variables
* Unsupervised learning technique

* Minimizing some metric of “distance”
within the cluster and maximizing the
distance between the clusters

Gsas



Clustering: same same and different

BUZZFEED SNAPCHAT Netilix
e i . AR
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Clustering: same same and different
K-means Clustering

Training Data

1. Select inputs.

o? the

GEEKS

3 May | At the Bebop §SaS



Clustering: same same and different
K-means Clustering

Training Data

2. Select k cluster centers.

Gsas



Clustering: same same and different

Training Data

3. Assign cases to closest
center.

SAS
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Clustering: same same and different

Training Data

4. Update cluster centers.

SAS

o)



Clustering: same same and different

Training Data

5. Reassign cases.

SAS
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Clustering: same same and different

Training Data

4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

6. Repeat steps 4 and 5
until convergence.

Gsas



Clustering: same same and different

Training Data

convergence.

SAS
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Ohservations

hat type o

varables do |

proceeding with PROC
STDLZE or

PROC ACECLU 5
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Clustering: same same and different

proc hpclus
data= digits
maxclusters= 8
maxliter= 100
seed= 54321
/* set seed for pseudo-random number generator */
NOC= ABC (B= 1 minclusters= 3 align= PCA);
/* select best k between 3 and 8 using ABC */
score out= OutScore;
input pixel:;
/* input variables */
ods output ABCStats= ABC;
/* save ABC criterion values for plotting */
run;

3 May | At the Bebop
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Clustering: same same and different

* Unsupervised learning — no target needed
* Excellent data dimension reduction technique

* Many possible ways to implement in SAS — Cheat Sheet will help you find
the way

SAS
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Text analytics, using machines to mine an untouched
source of Information

Speaker: Reinout Mensaert
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Text fanalytlcs
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Consumer Loan

Debt collection

I\/Iethqd

Money transfer, virtual currency, or money service
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Text analytics
Method
Doing mathematics on text by counting and clustering words

Frequency by Cluster ID (4), Product

ster ID (4)
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Text analytics
Method

Doing mathematics on text by counting and clustering words.
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Text analytics
Method

Model Studio - Build Models

Consumer Complaints Product Grouping Topics Cloze
Topics @ a @ Terms
o L Topic Documents ¥ E: All' | Matched ‘ ©
card, +prepay, credit, loan, account 3 Term Relevancy Role Documents Frequency E:
(] loan, personal loan, title loan, title, payday 3 B card 0.758 N 3 A
.
o ] +report, personal consumer, credit repair, repair, credit 2 O 4 prepay 0.549 \/ 2 2
(]  virtual currency, currency, virtual, transfer, money 2 prepaid \ 2 2
[J  vehicle, lease, loan, student, payday 2 B credit 0.349 N A 5
(]  money, +transfer, transfer, +service, +prepay 2
| [J  account, bank, +service, transfer, money
- (] loan, consumer, personal consumer, credit repair, repair
/

. S Topic Discovery

Al | Matched | B ©
Product Relevancy Sentiment B:
Prepaid card 1.000 =
Credit card or prepaid card 0.991 =
Credit card 0.965 =

Document 1 of 3



Text analytics
Conclusion

Original Report After Text Analytics to Group Content
Product Product Cleansed

Debt collection -

Credit reporting, credit repair services,...

28.47%

Mortgage

Debt collection

Credit reporting

Credit card Mortgage

Student loan

¥ = |
_ edit or Prepa :
Bank account or service Credit or Prepaid Card
Credit card or prepaid card
Checking or Savings Account
Consumer Loan

Checking or savings account
Payday, Title, Personal or Student Loan

Money transfer, virtual currency, or mon...

icle loan or lea 0.93%
Vehicle loan or lease < Consumer Loan
Payday loan, title loan, or personal loan 0.73%

Payday loan 0.66% Money Transfers or Virtual Currency

[ ¥ ]
]
Lm
L
.1':'

Money transfer

d Mosax Vehicle loan or lease

3]

Prepaid ¢

Other financial service 40.11%

Other financial service —0.11%
Virtual currency —J0.01%
0% 5% 10% 15% 20% 0% 5% 10% 15% 20% 25%
Frequency Percent Frequency Percent

THE
POWER
o ® TO KNOW




Text analytics
Conclusion

- Text analytics market size is expected to grow from USD 3.97 Billion in 2017
to USD 8.79 Billion by 2022 — MarketsAndMarkets Research

- Text analytics allows you to gain information out of your text by running
advanced analytical techniques on the data

- Specific and elaborate data preparation work is necessary for good results

- SAS Visual Text Analytics does it all out-of-the-box

GSas
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Autotuning In SAS

Hey data scientist! Did you already optimize your model hyperparameters?

Speaker: Véronique Van Vlasselaer

ﬁof the

GEE\(Q 3 May | At the Bebop




Autotuning In SAS
What?

° Training _a model Involves using an algorithm to determine model
parameters or other logic to map Iinputs to a target.
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In SAS

ing in

Autotun

What?

° Training _a model Involves using an algorithm to determine model

parameters or other logic to map Iinputs to a target.
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Autotuning In SAS
What?

° Tuning _a model involves determining the algorithm hyperparameters
(tuning options) that result in the model which maximizes predictability on
an independent data set.

Number of trees? Variables? Observations?
Splitting criterion? Width? Depth?

[0 00 0B 03 . 03 &3
- - i —
4[/ \;
2 = = s
W,
S [ v R

T

Gsas
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Number of layers? Number of neurons?




Autotuning In SAS
Why?

* Model performance might drastically improve just by adjusting the model
settings...

* but manual search for optimal hyperparameters Is often slow and
IneffICient' Sensitivity by 1 - Specificity grouped by Model Description (VALIDATION)

Sensitivity

SAS

— -
el T T
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Autotuning In SAS
Method

* A new functionality in Visual Data Mining and Machine Learning (VDMML)

* Exhaustive search versus heuristics

®

o °® v
X5 ® X2 é ¢

o o o

e
@ e
> >
X1 X4
Random Search Latin Hypercube
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Autotuning In SAS
Method

e SAS Model Studio - a brand new visual interface for the data scientist.
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Autotuning In SAS
Method

* SAS Studio — the programming interface for the data scientist.
* autotune statement with option tuningparameters=.

/* Random Forest */
proc forest data=MyDataSet;
target myTarget / level=nominal;
inp | |
/* Neural Network */
proc nnet data=MyDataSet;
target m\Tclktt / level nomi ﬂc*,
= R e

aut

run;

autot! /* Gradient Boosting */

" proc gradboost data=MyDa (““'3

train target mvTareget / level=nominal:
™ inp - 5
/* Decision Tree */
aut

proc treesplit datazﬂyhAtanr;

target myTarget / level=n m'nil‘
run;

input myInputs / level=inter

)
autotune tunlnﬁparqmwferJ-(maxdepth numbin criterion) objective=misc
fraction=0.3;

run;

Documentation: https://support.sas.com/documentation/prod-p/vdmml/index.html

fthe
GEE\(Q 3 May | At the Bebop
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https://support.sas.com/documentation/prod-p/vdmml/index.html

Autotuning In SAS

Conclusion

* Traditionally, focus on comparing various models (e.g., decision tree,
logistic regression, neural network, SVMs, etc.) with their default settings.

* Autotuning a model tries to find the optimal model hyperparameters or
model settings that results in the best performance. Example:

* Neural network: number of hidden layers, neurons, L1/L2 regularization, etc.

* Decision tree: maximum depth, splitting criterion, etc.

7/ \77/ [\77,
\"'O'O'Q./I.A"'O"Q. 12257

¢ s\‘.

* Random Forest: number of trees, number of variables for each tree, etc.
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Computer Vision In SAS.:
keeping Al (an eye) on the future

Speaker: Jaimy Van Dijk

SAS
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Computer Vision In SAS
What?

* Everybody Is talking about computer vision and image processing

PHYS ! &9 INDEPENDENT

New artificial intelligence technique News > orid Aste . . .
dramatically improves the quality of medical Chinese police are using facial-

imaging recognition glasses to scan travelers

The new accessories were unveiled ahead of the Chinese New Year rush and have already been
used to arrest people

Tara Francis Chan Business Insider | Monday 12 February 2018 11:35 GMT | [J1 comment

o

A new artificial-intelligence-based approach to image
reconstruction - called AUTOMARP -- yields higher
quality images from less data, reducing radiation doses
for CT and PET and shortening scan times for MRI.
Shown here are MR images reconstructed from the
same data with conventional approaches (left) and
AUTOMAP (right). Credit: Athinoula A. Martinos Center
for Biomedical Imaging, Massachusetts General Hospital

Demo: SciSports 0y S

11:15

in

Executives from SciSports and SAS demonstrate the technology used to track soccer
players in real-time.

This photo taken on 5 February 2018 shows a police officer wearing a pair of smart glasses with a facial recognition system at Zhengzhou East
f ' | Railway Station in Zhengzhou in China's central Henan province AFP/Getty




Computer Vision In SAS
Why? | DATANEVER SLEEPS 5.0

How much data is generated every minute?

909% of all data today was created in the last two years—that's 2.5 quintillion bytes of data per day. In our 5th
edition of Data Never Sleeps, we bring you the latest stats on just how much data is being created in the digital
sphere—and the numbers are staggering.

* Images are a relatively untapped data source

— USERS SHARE —

* We want computers/robots to interact with the =~ Ll

world as we do

— REQUESTS —

~ —— USERS.SEND

* 456 000

— USERS PUBLISH —
NEWPAGE \

CONDUCI‘s —— USERS POST —— i

3607080, - 46 70

—— PHOTOS
SEARCHES — PROCESSES

$51,892

PEER-TO-PEER
TRANSACTIONS

GEE\?E 3 May | At the Bebop Ssas :"E’?E’ng




Computer Vision In SAS
What?

* What are image features?

* How are these features extracted?

SAS

o)



Computer Vision In SAS

Convolutional Neural Networks

Dolphin or giraffe?

L

Output layer

Is this a dolphin or a giraffe?

Hidden Iayers

— Input layer

o? the

GEEKS
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Computer Vision In SAS

Convolutional Neural Networks

Build the network architecture.
proc cas;
session s

- -

=

jal]

dd layers;

. * Create a model and t
DAG f(}I‘ Sllnple CNN: deepLearn.buildk l:--:-s'_ !
model = {'name’="SimpleCNN', ‘replace’'=True}
Data | 1 out size: | (224, 224, 3]) : type = 'CNN';
(input) -
* Add the layer that specifies the input dimensions;
l deepLearn.addLayer /
model = 'SimpleCNN’
Kernel Size: (7.7) A name = ‘data’
Convl 1 . layer = {'type'="input', 'nChannels’'=3, "width'=224, "height'=224};
(convo) Activation: Relu < _
. ~ * Add the first convolution layer;
Output Size: | (224, 224, g)_.r'" deepLearn.addLayer /
model = 'SimpleCNN’
name = 'convl’
. layer = {"type'="convolution', 'nFilters"=8, 'width'=7, 'height'=7,
Pooll Kermel Size: 2,2) w J ‘stride'=1, 'act'="relu"]
ool . D srcLayers = {'data'};
(poob Output Size: (112,112,31) * A pooling layer follows the convolution layer to reduce the dimensionality of the image by half;
deepLearn.addLayer /
model = 'SimpleCNN’
- ~ name = 'pooll’
Kernel Size: (7. 7) layer = {'type'="pooling’, 'width'=2, 'height'=2,
Conv2 1 R EE——— Relu < _'str:].de'=2i ‘pool’="max"}
(convo) _ srclayers = {"convl'};
Output Size: | (112, 112, 8 -
pu (12, i lj * Add the second convolution layer;
deeplLearn.addLayer /
model = "SimpleCHN’
- name = 'conv2’
Tl | bamidl s 2.2 w < layer = {'type’'="convolution', 'nFilters'=8, 'width'=7, "height'=7,
(pool) | output Size: | (56, 56, S)) ‘stride’=1, ‘act’='relu’]
srclayers = {'pooll’};

I

* A pooling layer follows the convolution layer to reduce the dimensionality of the image by half;
deeplLearn.addLayer /

Kernel Size: | (25088, llﬁj\'ﬁ ;;iil: : pg;TE}ECNH
Fi?l Activation: Relu < layer = {'type'="pooling’', ‘'width'=2, 'height'=2,
(fc) - ‘stride’=2, "pool'='max'}
Output Size: 16 ) srcLayers = {'conv2'};
i B * Add a fully connected layer to flatten the image into one dimension;
deepLearn. add ayer /
Kernel Size: | (16,2) ) model = *SimpleChn’
Output - name = 'fecl'
t Activation: | Softmax < layer = {'type"="fullconnect', 'n'=16, ‘act’'="relu’}
AT, . srclayers = {'pool2’};
Output Size: 2 - ’ ’
B * Finally, add the output layer;
deepLearn.addLayer /
the model = 'SimpleCNN’
name = 'prediction’

EF_\(g 3 May | At the Bebop _ oy~ T "oty et sofmac) Sas

run;




Computer Vision In SAS

Convolutional Neural Networks

DAG for Simple CNN:

Data .
(input) Input Size: | (224, 224, 3])
Kernel Size: (7.7 ) * Add the first convolution layer;
((:2:;;5)1 Activation: Relu « CEEP-ESP;-add-a;’fE /
; model = "SimpleCHN’
Output Size: | (224,224,8) I .mn,ﬁ.:
l layer = { 'type'="convolution', 'nFilters'=8, ‘width'=7, "height'=7,
L ‘stride’=1, "act’'="relu'}
Pooll | Kernel Size: (2,2) w ) srcLayers = {'data’};
(pool) | output Size: Ull]J2JQ) * A pooling layer follows the convolution layer to reduce the dimensicnality of the image by half;
deepLearn.addLayer /
model = 'SimpleCNN’
Kernel Size: (7.7 ) name = "pooll’
Conv2_1 [~ o —r Relu layer = {Ityp? =.pDnl}ng : ?1dtb =2, 'height’'=2,
(convo) : stride’'=2, "pool’'="max'}
Output Size: | (112, 112, 8) ) srclayers = {'convi'};

Pool> | Kernel Size: (2, 2) w
(pool) | Output Size: | (56, 56, 8) )

l

Kernel Size: | (25088, 16) )
FCl1 —
(fc) Activation: Relu
Output Size: 16 )
. ™,
Kernel Size: | (16, 2)
Output ——
(output) Activation: | Softmax
Output Size: 2

G of the

EE\(Q 3 May | At the Bebop
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Computer Vision In SAS

Convolutional Neural Networks

= -— -
/¥ Train the model *,; Giraffe Predicted Probability

proc cas;
session s;
78 62%
deepLearn.dlTrain /
model = "SimpleCNN’
modelWeights = {name="SimpleCNN weights', /* Model weights table */
replace=TRUE }

table = {name="training set’} /¥ Training data */
inputs = {'image"} /* Input variables */ S
target = "label’; /* The target variable */
run;
Un ; 0% 25% 50% 75% 100%
Probability
Predicted Probability
B — Loss
FitError 89.63%
T -
E
5 -
4 -
3 - 10.37%
&sb
2 -
1 7 | l L l L
——— 0% 25% 50% 5% 100%
0 - o Probability
1 1 I ! 1 1 I 1
1 2 3 4 5 B 7 B z 10
Epoch

Gﬁé\&% 3 May | At the Bebop gsas




Computer Vision In SAS

Conclusion

* A new type of data Is all ready to be processed in SAS

* SAS VDMML gives us access to the power and flexibility of Deep Learning

of the
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Make your analytics count! - from predictive to

prescriptive analytics with SAS optimization

Speaker: Adriaan Van Horenbeek

—C Max. 7 90
s OO

g ]

SAS
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From predictive to prescriptive analytics
The final frontier of analytic capabillities

Optimization and
simulation as decision
support and decision

automation

Prescriptive

. Analytics
“ Uncertainty on what v
o is the best decision to .
— take based on a What is the
= orediction best that can
< happen?
> Predictive
o .
b Analytics
What will
_happen next?
Diagnostic
Analytics
&
5 Why did this AUTEL
2 happen? oL
~ Descriptive ' decreases
& Analytics to cometo
- decisions
o
T3 What ar.md
(2’4 actions

happened?

REACTIVE PROACTIVE

SAS

of the
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From predictive to prescriptive analytics
The final frontier of analytic capabillities

* Prescriptive analytics entalls the application of mathematical and
computational sciences and suggests decision options to take advantage
of the results of descriptive and predictive analytics

* |t goes beyond predictive analytics by also suggesting actions to benefit
from the predictions and showing the implications of each decision
option

* Makes your predictive analytics actionable!

SAS

o)



From predictive to prescriptive analytics
The principle of optimization

DATA INPUTS

OBJECTIVE Variables, constraints, objective function...
Maximize or minimize objective function
DECISION
VARIABLES a CONSTRAINTS

L
_ N

RECOMMENDED ACTIONS

Decision variables to optimize objective

IMPLEMENTATION

—_—

Measure results and adjust model

o{-‘ the

GEF k¢
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From predictive to prescriptive analytics
The challenge

* Using advanced predictive models as e
objective function or constraints In 0~
optimization iIs challenging:

e (Often these functions cannot be
expressed In analytic closed form

Objective

* Can be non-smooth, discontinuous and
non-linear

* Are computationally expensive to ;, a0

evaluate 0 ~
c’ 780 800 A\
i £ the
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From predictive to prescriptive analytics
PROC OPTLSO to the rescue!

* The OPTLSO procedure performs optimization of general nonlinear
functions that are defined by the FCMP procedure

* In the FCMP function you can use the score code of an advanced
predictive model

* These functions do not need to be expressed In analytic closed
form, can be non-smooth, discontinuous, and computationally
expensive to evaluate

* Uses global and local search algorithms in parallel and Is based on
a genetic algorithm (GA)

Gsas



From predictive to prescriptive analytics
How does a GA work?

1. Generate Initial

: population
* GAs are a family of local search
algorithms that seek optimal solutions 4. Crossoverand 5. Next 2. Evaluate
to problems by applying the principles mutation generation fitness
of natural selection and evolution O“ ° o®
ove O
: ® ® ® 3. Selection ® ® ®
* Can be applied to almost any o
optimization problem ®®.®
¢ O

Gsas



From predictive to prescriptive analytics
PROC OPTLSO to the rescue!

/* Define objective function in dataset */

data objdata;

length function $ 15 1id $ 40;

input 1id $ function $ sense 3;

datalines; Predicted Yield objective function max;
run; l

/* Define objective function by including score code from predictive model */

proc fcmp outlib=work.myfuncs.mypkg;

function objective function(Decision variable 1,Decision variable 2,Decision varilable 3);
$include 'D:\Solvay Torrelavega POC\Trial scripts\score ensemble 0304.sas’';

return (Predicted Yield);

endsub;

/* Use OPTLSO to perform optimization with
a machine learning model as objective function*/
proc optlso

primalout = solution Defines the output dataset with the best solution

variables = variable limits Dataset that stores the decision variable names and bounds
» Objective = objdata Names the FCMP functions to be used as the objective

lincon = lincondata Describes the llinear constraints

nlincon = nlincondata; Describes the nonlinear constraints

run;

Gsas




Prescriptive analytics Is the new predictive
analytics

* SAS optimization possesses advanced capabilities to use predictive
models In optimization

* Go beyond predictive analytics by also suggesting actions to benefit from
the predictions

* Prescriptive analytics makes your predictive analytics actionable!

‘ ‘ h N, @
© (95

: D
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Efficient scoring with PROC ASTORE

Speaker: Florian Bertrand
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Proc ASTORE
What?

Model deployment

Viya & VDMML

Analytical Store

A
Proc astore
00101001 a
01001100 — a
10101111 @

Scored
dataset

Gsas




Proc ASTORE
What?

* A procedure to describe and manage analytical stores and to use them to
score new data

* Analytical store = a binary file which captures the state of a predictive
model

* Analytical store can be created with a SAVESTATE statement from an
analytic procedure

* Currently available with FACTMAC, FOREST, SVMACHINE,
GRADBOOST, TEXTMINE, SVDD and STFT. Many more will follow soon

Gsas



Proc ASTORE
Why?

* Some models generate huge data step code (up to >50M lines of code!)
* Gradient Boosting, Random Forests, factorization machines etc.
* Produces insufficient memory conditions during compiling
e Ex: NETFLIX ($1M model never implemented)

* Transportable: use between databases/hadoop

SAS

o)



Proc ASTORE

For what?

* Score new data in CAS

* Create DS2 scoring code out of the trained mode|

* Deploy models in ESP (Event Stream Processor)

* Move analytical store from local machine to/from CAS

* Possibility for the use to add preprocessing (eg. input variable
transformation...) and postprocessing code (eg. Decisions based on
prediction...)

SAS
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Proc ASTORE

Method

* First create a model with an anlytic
procedure (here a support vector machine)

* Create the analytical store with a savestate
statement

* Use proc astore with the analytical store to:

* Score new data

* Generate DS2 scoring code

i the

proc svmachine data=mycas.myDataset;
iInput myVarl myVar2 myVar3 /level=interval;
target myTarget;

id id;

savestate rstore=mycas.myAnalyticalStore;
run;

proc astore;

score data=mycas.toScore
out=mycas.scored
rstore=mycas.myAnalyticalStore ;
quit;

proc astore;

describe rstore=mycas.myAnalyticalStore
epcode=‘D:\data\myScoreCode.sas’;

quit;

Gsas



Proc ASTORE

Conclusion

* Proc astore offers a high flexibility way to efficiently score new data

Viya & VDMML

Analytical Store

A
= Proc astore
00101001 a
— oi0011000 — a
= 10101111 @

Scored
dataset

3 May | At the Bebop SSaS
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Forecast Exception Reporting

Speaker: Elke Potums
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Forecast Exception Reporting

econciled MAPE= 1.08 B

thhwtiregd, sales

What?

{* History and Forecast ¢ Histary only  ( Forecast only

1000
950 ' : o o o
900 a [l Sy x B o i o

850 ] V

Thu, 1 Jan 2004 Sat, 1 May 2004 Wed, 1 Sep 2004 Sat, 1 Jan 2005 Sun, 1 May 2005 Thu, 1 Sep 2005 Sun, 1 Jan 2006

Date

Man, 1 May 2006

Fri, 1 Sep 2006 Mon, 1 Jan 2007

abcd, sa

Tue, 1 May 2007
conciled M&PE= 3,00 B

Sat, 1 Sep 2007

80%

o

Historical Data Feconciled Forecast ] Reconciled Confidence Limits O Qverrida

Final Forecas

10%

‘econciled MAPE=

abcd, sales

{* History and forecast ¢ History only ¢ Forecast only
10000

8000

6000

4000

2000

Thu, 1 Jan 2004

Sat, 1 May 2004

Wed, 1 Sep 2004 Sat, 1 Jan 2005

(% Hiskory and forecast € Hiskory only  ( Forecast only

400

200

Sat, 1 May 2004 Wed, 1 Sep 2004 Sat, 1 Jan 2005 Sun, 1 May 2005 Thu, 1 Sep 2005 Sun, 1 Jan 2006

Date

Mon, 1 May 2006

Sun, 1 May 2005

Thu, 1 Sep 2005 Sun, 1 Jan 2006
Date

Won, 1 May 2006 Fri, 1 Sep 2006 Mon, 1 Jan 2007 Tue, 1 May 2007 Sat, 1 Sep .

I &) Histarical Data Reconciled Forecast

O Raconciled Confidence Limits o Qverride Final Forecast I

Fri, 1 Sep 2006 Man, 1 Jan 2007 Tue, 1 May 2007 Sat, 1 Sep |

| o

Historical Data Reconciled Forecast O Reconciled Confidence Limits O Qverride

Final Forecast |

3 May | At the Bebop
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Forecast Exception Reporting
Why?

?’Dilema: These Forecast Sever projects contain thousands upon thousands of
forecasts — possibly over 1L00.000 forecasts

> Even if only 10%0 need attention ... that's over 10.000 forecasts!

»>Who among us has tIme to go through them
one by one?

o{f the

GEEKS
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Forecast Exception Reporting
Method

1. Define what constitutes “forecast exceptions” for the business user community

2. Develop business rules, methodology, and computations required to identify and
flag those exceptions

3. Utilize information about the FS project to easily create these exception reports

-2 Wfsload macro

&HPF_NUM_LEVELS
&HPF_PROJECT LOCATION
&HPF_BYVARnN
&HPF_LEVEL BYVARSM
&HPF_RECONCILE_BYVAR

SAS
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Forecast Exception Reporting
Method

Hierarchy View | Table Yiew | Failed Farecasts Forecasting Yiew | Modeling View | Series Wiew | Scenario Analysis Wiew
BT FS71 HIER ARCHY thlre:reqz, sales: Reconciled MAPE= 10,36 B3
Iél--al;u:d
- eregl {* History and forecast  History only Farecast only
=]-thlre
; 20000
a
a
Q
15000
a h =]
Where to look first?
10000 " -
5000
Thu, 1 Jan 2004 sat, 1 May 2004 Wed, 1 Sep 2004 =at, 1 Jan 2005 sun, 1 May 2005 Thu, 1 Sep 2005 =un, 1 Jan 2006 Mon, 1 May 2006 Fri, 1 Sep 2006 Maon, 1 Jan 2007 Tue, 1 May 2007 Sat, 1 Sep.
Date
Q Historical Data Feconciled Forecast O Feconciled Confidence Limits - Override Final Forecast
v Active series | > BB n- 58| e b
, 11 Mar 2007 Sun, 18 Mar 2007 Sun, 25 Mar 2007 sun, 1 Apr EIIIIII?I Sun, S Apr 2007 2un, 15 Apr 2007 Sun, 22 apr 2007 Sun, 29 Apr 2007 2un, & Maw EIIIIII?I 2un, 13 May 2007 2un, 20 Mayw 2007 2un, 27 May 2007 2un, 3 Jun
Histaorical Daka QEEE So5E6 10214 14DE4| 125768 12670 11914 12554 9104| 11633 16212
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=/ $¥macro fs exception reports |

Forecast Exception Reporting

userid =,
pwd =,
sasenv = defaulct,

Method

$do lev =
%if &HPF NUM LEVELS
$else %$let bynum =
$put bynum=&bynum;

-

2

1

&start %to &HPF NUM LEVELS;

1 %then %let bynum

feval (&lev -1);

midtier = fsmain,
fzprojname =,

env = Default,
outlibname =,

high exception_thold =,
outfilename =,

server = ,

data null ;
call symput ("sglbyvar&lev”,tranwrd ("&&HPF _LEVEL BYVARSglev™, ' ! .
run;

$put sglbyvar&lev=&&sglbyvar&lev;
$put HPF BYVAR&bynum=&&HPF BYVAR&bynum;

port = 9621 $if &¢HPF NUM LEVELS > 1 %then libname fcst "&HPF PROJECT LOCATION.hierarchy
)z felse libname fcst "&HPF PROJECT LOCATION.hierarchy/leaf";
Extract Forecacst MAX from FINALFOR data set */

¥fslogin (DESKTOF = NO,

USER = &userid, proc univariate data=fcst.finalfor noprint;

PASSWORD = &pwd, by &&HPF LEVEL BYVARS&lev;

SASENVIRONMENT = &sasenv, var predict;

MIDTIER = &midtier output out=work.fcst max &lev max=fcst_max;

): run;
3fsload| /* If current level is the reconcile level, then use OUTFOR data set otherw

PROJECTNAME

Efsprojname,
ENVIRCHMENT &env,

e L WFSLOAD

| /n

w

$if "&&HPF _BYVAR&Dbynum" = "gHPF RECONCILE BYVAR"™ %then %do;

Extract Historical MaX

from OUTFCR data set */
$rfslogout (MIDTIER = &micdtier); proc univariate data=fcst.outfor noprint;

by &&HPF LEVEL BYVARS&lev;

where actual ne .;

var actual;

output out=work.hist max &lev max=hist_ max;

=iy
i

h
i
H
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it
b |
]
ih
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and assign &star

it
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[}
L1
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[t}
H
]

[+]
[ &)
II
(]

:if &HPE_NUH_LE?ELS
felse %let start=l;

> 1 $then %let starct=2:;

")):

H,
m
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$else %do;

/* Sort by Exception type de=scending ratio value and &&HPF LEVEL BYVA
MAX from RECFOR data set */ o y Lxception type, descending 0 value, and AAEE_ -

/* Extract Historica

proc univariate data=fcst.recfor noprint: proc sort data=&outlibname..exception list &lev;
by &&HPF LEVEL BYVARS&lev; ! by exception descending ratio &&HPF_LEVEL BYVARS&lev;

run:
where actual ne .;

var actual;

) ) /* Delete temporary work files */
output out=work.hist max &lev max=hist max;

run; ) ) )
proc datasets lib=&outlibname nolist;
deletce
$end;
fskeydat

= ’ < fcst max &lev

/* Join Historical and Forecast MAX data sets, compute ratio of fcst max to hist max - -
. = 5 = F = = hist max &lev
and set exception flag variable if ratio > 2 ¥/ - -

exception list tmp &lev

data work.exception list tmp &lev; L
merge work.hist:max_zlev_(in=one) work.fcst max &lev(in=two); quaE
by &&HPF_LEVEL BYVARS&lev; send:
if fcst_max <= le-4 then fcst_max = 0;

=3 = ¥end;

hf hist_max <= le-4 then hist_max = 0;
if hist max > 0 then ratio = fcst_max / hist max;

d smend fs exception reportcs:
else ratio = .; - -

length exception
if ratio > &high exception thold then exception 'Forecast to Historical Ratio High';

&low exception thold then except TO

| Define exception rules

/* Select only items flagged as exceptions */

data &outlibname..exception list &lev;
set work.exception list tmp &lev;
by &&HPF _LEVEL BYVARS&lev;
where exception ne '';

run;
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abicd, sales: Reconciled M&PE= 3.00
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% History and Forecast € Histary only Forecast only

Thu, 1 Jan 2004

Sat, 1 May 2004

Wed, 1 Sep 2004

Sat, 1 Jan 2005 Sun, 1 May 2005 Thu, 1 Sep 2005 Sun, 1 Jan 2006

Moaon, 1 May 2006 Fri, T Sep 2006 Mon, 1 Jan 2007 Tue, 1 May 2007 Sat, 1 Sep.
Date
| O Historical Data Reconciled Forecast O Reconciled Confidence Limits O Qverride ————Final Forecast |

[ Active series | | >|'B® ECNEN ]-—E

|1|'|J 4 Mar 2007 Sum, 11 Mar 2007 Sun, 18 Mar 2007 Sun, 25 Mar 2007 Sum, 1 Apr 2007 Sun, S Apr 2007 2un, 15 Apr 2007 Sun, 22 Apr 2007 Sun, 29 apr 2007 Sun, & May 2007 2um, 13 May 2007 Sun, 20 May 2007 qun, 27 May 2007 Sun, 3 Jun
Historical Data 210 315 410 430 &o0 731 a3z Q00 1000 1511 z2anl 3015 .
Forecast Model 13261381672 24722419271 37402107773 480,58246595 454, 45053069 691.31914024 835.11100236 A35,18685227 291,9226447 1094 46758542 1735.5399702 3368.366615 3470.54 36966 3925.7341
Reconciled Forecast 134374485581 249, 27763558 37040971146 478, 77755975 451,35172573 6550, 41683204 830, 46602646 925,7023304 990, 26670379 1096,314003 17293490581 3294, 7933567 3357.5979507 37T4.164°
Creerride 4
Lock Cverride
Final Forecast 3357.5979507 37T4.164°

Al

‘Wiew Forecast model details, .
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Conclusion

* Bullt an efficient exception report structure ->%fsload macro

* Exception reporting macro Is flexible and robust

* Execution time Is very fast
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