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DISCLAIMER

I'm an impostor!

I'm not a DBA, | never claimed to be one, | don't
aspire at being one.

But | happen to be one of those hammering your
database with new weird workloads that you didn't
expect, nor imagine.

Mostly because | can, sometime because | have to...

It is based on all the things | saw (and did) in the past
15 years...
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A step back before to jump forward

The current situation, the new unexpected ways your database is being used and
abused, comes in opposition to the past.

A relational database is still mostly the same thing as it was many years ago: more
optimizations, but still the same relational model of data.

The DBA role has been defined by what the job was when it started being a thing
years ago.

Like (almost) everything, they both have to evolve with time, they must keep up
with the changes in the field:

* Natural evolution, improvements

* Buzzword evolution, temporary trends



Reporting:
Known, simple, “static”




Once upon a time there was reporting...

Reporting is very old.

The idea is some predefined queries, executed based on a schedule, producing an
output (Excel file?) the users could further analyse locally on their own.

Mostly done in the database directly.

Or via some tools rendering reports with the retrieved data.



Once upon a time there was reporting...

Because the queries are known and their execution schedule as well, it's easy to
tune the query, to make sure the database has everything to execute the query in
the best conditions (indexes, partitions etc.), to schedule other tasks to not overlap

too much.

DBAs easily can have a pro-active role in this, because the context and queries are
known, therefore they can prevent issues (with increasing volume of data etc.).



Old style reporting can still be a thing

Edit Data Set - QUERY

*Name QUERY

* Data Source (Oracle Bl EE (Default) » {_‘,
*Type of SQL |Standard SQL v

* SQL Query Query Builder

SELECT nvlfwh.guantity_on_hand,0) quantity_on_hand, -
order_items._quantity,
eet_address, cv.postal_code,
cv.city, cv.state_province,
cv.country_name, cv.credit_limit,
cv.cust_email, cv.primary_phone_number,
cv.customer_id,
ov.order_total, ov.order_status,
to_char(ov.order_date Y Y-MM-DD') ORDER_DATE, order_items.unit_price,
product_information.product_name,
product_information. product_description,
{(cv.cust_first_name || " " || cv.cust_last_name
1 customer_name,

Generate Explain Plan




Old style reporting can still be a thing
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Old style reporting can still be a thing

(| Customer Orders Home Catalog Favorites + Dashboards+ Create+ Openw @
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Business Intelligence:
Centrally owned, under control
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High 4
<
©
9]
7p]
0}
a
[0}
=
0
@©
=
[0}
a
* Reports
* Predefined data
and questions
* Predefined
relationships
Semantic layer-
Based platforms
Low >

Months Days/Hours Near Real Time

Time to Insight / Business Agility
Source: Gartner 2021

Slide author: Philippe Lions, Vice President, Oracle Analytics PM



Where are the skills ?

Only few resources hold technical skills to

execute Analytics...

Slide author: Philippe Lions, Vice President, Oracle Analytics PM



Oracle Analytics
Converged Analytics Platform for all Personas, Workloads and Data

&

Data
Engineers
Governed Analytics
Distributed
Dashboards Pixel-Perfect Reports
Semantic Models Query Federation
Briefing Books Data Export

Slide author: Philippe Lions, Vice President, Oracle Analytics PM



The good old days of Business Intelligence

Business Intelligence is more "advanced” than reporting. It tried to tell a story, to

focus on specific topics and display a complete overview of the various metrics,
KPIs and data, using charts more than simple tables.

The BICC (Business Intelligence Competency Center) was in charge to collect the

business needs, build the required dashboards and analyses, and deliver them to
users for consumption (read-only).

Data is modelled, queries are written, by a small number of skilled people.

Users have a limited impact on the generated queries, at best setting filters to only
see a subset of the whole data.



The good old days of Business Intelligence

In Business Intelligence, it is still possible to have a pro-active interaction between
the BICC people and the database people.

Not just a fixed list of queries, but all the queries generated by dashboards are
predictable and can be tuned. Data models can be adapted to support the Bl
needs instead of requiring complex, suboptimal, modelling.



Oracle Business Intelligence (Siebel and nQuire before, Oracle Analytics after)
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Oracle Business Intelligence (Siebel and nQuire before, Oracle Analytics after)

Queries generation can be optimized by using all the features available in the
products:
* Pre-aggregated tables at higher levels

» Using multiple physical objects as one (for example for sales, if current year sales and
historical sales are in different tables)

 Fixing granularity at which data is available

* Pre-filtering data as required avoiding queries on millions and millions of rows
« For example: when opening a dashboard, request filters before to execute a query



Oracle Business Intelligence (Siebel and nQuire before, Oracle Analytics after)




Oracle Business Intelligence (Siebel and nQuire before, Oracle Analytics after)
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Self-Service Analytics:
Some form of control, at the beginning...




Timeline of Innovation Points in the Analytics Market
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Self-Service Analytics : a first step of freedom for the users

Business Intelligence made by the BICC team has a major issue: time

* |t does take time to the small BICC team to deliver all the requirements of all the business
units in a company.

Users want more freedom, they want to be able to make their own analyses.

A role of “author” is introduced to allow a subset of users to not be simple

consumers, but to build their own analyses and dashboards on top of the prebuilt
model provided by BICC.

There is still some control because the metadata model is under control, but users
are free to enter their own expressions, their own formulas in columns. This could
lead to very weird queries being generated...



Self-Service downsides: users write their own analyses

A simple example:

« Amount sold, Amount sold 1 month ago by year and month

Edit Column Formula

Column Formula | Bins

Folder Heading Fact Sales

Column Heading Amount sold MAGD

W Custom Headings

Aggregation Rule (Totals Row)  Default {Sum) A
Available Column Formula
Subject Areas O AGO("Fact Sales" "Amount sold”, "Dim Time"."Hier - Dim Time - Quarter™."Manth", 1)
L

| 4 T Salez Histrru - Fart Salss |



Self-Service downsides: users write their own analyses

A simple example:
* Amount sold, Amount sold 1 month ago by year and month

Logical SQL:

SELECT
0 s O,
"Sales History - Fact Sales"."Dim Time"."Month" s_1,
"Sales History - Fact Sales"."Dim Time"."Year" s_2,
"Sales History - Fact Sales"."Fact Sales"."Amount sold" s_3,
AGO("Sales History - Fact Sales"."Fact Sales"."Amount sold","Sales History - Fact Sales"."Dim Time"."Hier - Dim Time - Quarter"."Month",1) s_4
FROM "Sales History - Fact Sales™
ORDER BY 3 ASC NULLS LAST, 2 ASC NULLS LAST
FETCH FIRST 65001 ROWS ONLY

Folder Heading Fact Sales

Column Heading Amount sold MAGD

W Custom Headings

Aggregation Rule (Totals Row)  Default {Sum) A
Available Column Formula
Subject Areas O AGO("Fact Sales" "Amount sold”, "Dim Time"."Hier - Dim Time - Quarter™."Manth", 1)
L

| 4 T Salez Histrru - Fart Salss |




Self-Service downsides: users write their own analyses

A simple example:

* Amount sold, Amount sold 1 month ago by year and month

@ Untitled

Criteria Results Prompts Advanced

4 Subject Areas o 1l » @y vy g By & 082 Iy %
d :D: Sales History - Fact Sales Compound Layout
» _- Fact Sales Title 4] f X
p Hl Dim Time
3 il Dim Product e [A] /‘ X
3 il Dim Customer Year 2000«
Month  Amount sold Amount sold MAGO
2000-01 2006378.4% 193193101
2000-02 2118618.97 2006378.46
2000-03  1859892.06 21184618.97
2000-04 1765510.12 1859892.06
2000-05 1874492.85 1765510.12
2000-06 1731727.95 1874452 85
2000-07 1896762.82 1731727.95
2000-08 211225579 1856762.82
2000-09  2112220.68 211225599
] 2000-10  2164612.21 211222068
2000-11 206034377 2164561221
2000-12  2062690.94 206034377
4 Catalog 3



Self-Service downsides: users write their own analyses

Physical SQL:

WITH SAWITHO AS

(SELECT T59.TIME_ID AS c2,
T59.CALENDAR_MONTH_DESC AS c3,
ROW_NUMBER() OVER (PARTITION BY T59.CALENDAR_MONTH_DESC
ORDER BY T59.CALENDAR_MONTH_DESC DESC) AS c4
FROM SH.TIMES T59 /* Dim - Times */),
SAWITH1 AS
(SELECT CASE
WHEN CASE D1.c4 WHEN 1 THEN D1.c2 ELSE NULL END IS NOT NULL
THEN Rank() OVER (ORDER BY CASE D1.c4 WHEN 1 THEN D1.c2 ELSE NULL END)
END AS c1,
D1.c2 AS c2,
D1.c3 AS c3
FROM SAWITHO D1),
SAWITH2 AS
(SELECT min(D1.c1) OVER (PARTITION BY D1.c3) AS c1,
D1.c2 AS c2
FROM SAWITH1 D1),
SAWITH3 AS
(SELECT D1.c1 + 1 AS c1,
D1.c2 AS c2
FROM SAWITH2 D1),
SAWITH4 AS
(SELECT T59.CALENDAR_YEAR AS c2,
T59.CALENDAR_MONTH_DESC AS c3,
T59.TIME_ID AS c4,
ROW_NUMBER() OVER (PARTITION BY T59.CALENDAR_MONTH_DESC
ORDER BY T59.CALENDAR_MONTH_DESC DESC) AS c5
FROM SH.TIMES T59 /* Dim - Times */),
SAWITHS5 AS
(SELECT CASE
WHEN CASE D1.c5 WHEN 1 THEN D1.c4 ELSE NULL END IS NOT NULL
THEN Rank() OVER (ORDER BY CASE D1.c5 WHEN 1 THEN D1.c4 ELSE NULL END)
END AS c1,
D1.c2 AS c2,
D1.c3 AS c3
FROM SAWITH4 D1),
SAWITH6 AS
(SELECT DISTINCT min(D1.c1) OVER (PARTITION BY D1.c3) AS c1,
D1.c2 AS c2,
D1.c3 AS c3
FROM SAWITH5 D1),

SAWITH7 AS
(SELECT sum(T62.AMOUNT_SOLD) AS c1,
D3.c3 AS c2,
D3.c2 AS c3
FROM SH.SALES T62 /* Fact - Sales */,
SAWITH3 D4,
SAWITH6 D3
WHERE (T62.TIME_ID
AND D3.c1 =
GROUP BY D3.c2,
D3.c3),
SAWITH8 AS
(SELECT sum(T62.AMOUNT_SOLD) AS c1,
T59.CALENDAR_MONTH_DESC AS c2,
T59.CALENDAR_YEAR AS c3
FROM SH.TIMES T59 /* Dim - Times */,
SH.SALES T62 /* Fact - Sales */
WHERE (T59.TIME_ID = T62.TIME_ID)
GROUP BY T59.CALENDAR_YEAR,
T59.CALENDAR_MONTH_DESC)SELECT D1.c1 AS c1,
D1.c2 AS c2,
D1.c3 AS c3,
D1.c4 AS c4,
D1.c5 AS ¢5

= D4.c2
D4.c1)

FROM
(SELECT D1.c1 AS c1,
D1.c2 AS c2,
D1.c3 AS c3,
D1.c4 AS c4,
D1.c5 AS ¢5
FROM
(SELECT 0 AS c1,
coalesce(D1.c2, D2.c2) AS c2,
coalesce(D1.c3, D2.c3) AS c3,
D2.c1 AS c4,
D1.c1 AS c5,

ROW_NUMBER() OVER (PARTITION BY coalesce(D1.c2, D2.c2), coalesce(D1.c3, D2.c3)
ORDER BY coalesce(D1.c2, D2.c2) ASC, coalesce(D1.c3, D2.c3)

ASC) AS cb
FROM SAWITH7 D1
FULL OUTER JOIN SAWITH8 D2 ON D1.c2 = D2.c2

AND D1.c3 = D2.c3) D1
WHERE (D1.c6 = 1)
ORDER BY c3,
c2) D1

WHERE rownum <= 65001



Self-Service downsides: users write their own analyses

Just one possible way in SQL, there are many others...

WITH total sales AS (
SELECT
t.calendar_month_desc,
SUM(s.amount_sold) AS amount_sold
FROM sales s
JOIN times t
ON s.time_id = t.time_1id
GROUP BY t.calendar_month_desc
)
SELECT
calendar_month_desc,
amount_sold,
LAG(amount_sold, 1) OVER (ORDER BY calendar_month_desc) AS amount_sold_mago
FROM total sales;




Self-Service downsides: users write their own analyses

Looking at the explain plan, the cost is from simple to double between the query
generated by the self-service analysis versus a manual query.

And this is just a super simple example, it can be a lot worse!



Guest speaker / Secret witness




DIY Analytics:
Control? What's that?




Oracle Analytics
Converged Analytics Platform for all Personas, Workloads and Data

ﬁ% Eir%);m "B

D_ata Business Business
Engineers Analysts Users
Governed Analytics LOB/Self-Service Analytics

Distributed e e Self-Service Data
DESNOREITEE Pixel-Perfect Reports Data Visualization Preparation
Semantic Models Query Federation Storytelling Direct Connectivity
Briefing Books Data Export Collaboration Mobile
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Full freedom to users

Do It Yourself Analytics isn't an “official” name (as far as | know), but it's what
describe this situation.

Users not only can build custom analyses on top of some governed (centrally
owned and maintained) metadata.

They can bring their own data in the tool:
« Upload Excel spreadsheets
« Connectto a large number of sources
» Define their own data models (connecting various sources)
e Define their own data transformations (ETL)



Data modelling for everybody
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Data modelling for everybody
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Data modelling for everybody

If your database has PK-FK defined, the tool will automatically connect tables with
that.

Nothing prevent a user to build its own join conditions, based on whatever they
believe is correct or useful.

Why would a random user use a technical field (primary key in the database)
instead of a business field for a join?

Education can help, but you can educate your users as much as you want, in the
end, if they believe they know better, they do whatever they want. And what they
believe will give them the answer they look for.



ETL for everybody

Lightweight ETL, aka the best way to generate rubbish database tables.
No primary-foreign key, no indexes.

Look at the database audit logs to show the behaviour:
* create insert a temporary table
» drop the destination one
* rename the temporary to the final name



Waorksheet

Query Builder
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[ Query Result %
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DIY ETL - Indexes, constraints, all pointless things

it COLUMN_NAME
PROD ID
CUST_ID
TIME ID
CHANNEL_ ID
PROMC ID
QUANTITY SOLD
AMOUNT SOLD
PROMO_ID
CUST ID
PROD_ID
CHANNEL ID
TIME ID

{t POSITION

(null)
(null)
(null)
(null)
(null)
(null)
(null)
1




DIY ETL - Indexes, constraints, all pointless things

= » New Data Flow

=z Show labels 100%

@ seles SR

| Search

(@ AddData

@ Join
E Union Rows
W Filter
z Aggregate
I, Save Dataset
||E Add Columns
|E Select Colurnns
=p Rename Columns
I Transform Column
Merge Columns
Split Columns
oo Bin
Group
Branch
Cumulative Value
< Time Series Forecast
Analyze Sentiment
Train Mumeric Prediction
w Train Multi-Classifier
: o Train Clustering
A Train Binary Classifier
* Apply Model
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Save Dataset
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Table

| MY _SALES

Description

Save data to

{| Database Connection

Connec...
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Table

| MY _SALES

When run

Replace existing data

When Run

Columns

Name

PROD_ID

CUST_ID

TIME_ID
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QUANTITY_SOLD

AMOUNT_50LD

Database Name

‘ PROD_ID

‘ CUST_ID

‘ TIME_ID

‘ CHAMMEL_ID

‘ PROMO_ID

‘ QUANTITY_SOLD

‘ AMOUNT_SOLD
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Attribute

Attribute

Attribute

Attribute

Attribute

Measure

Measure

Default Aggregation




DIY ETL - Indexes, constraints, all pointless things

Where are the foreign keys constraints? Gone...

Worksheet Query Builder
* from user cons columns

able name = 'MY SALES';

[ Query Result %
o E @E} @ s0L | All Rows Fetched: 7in 0,022 seconds

i} COLUMN_NAME it POSITION
FROD ID (null)
CUST_ID (null)
TIME ID (null)
CHANNET. TD (nall)
PROMO ID (null)
QUANTITY SOLD (nall)
¥S C 001715418 MY SALES AMOUNT SOLD (null)




DIY ETL - Indexes, constraints, all pointless things

* Create a new table with a temporary name and load the data
e |f the target table exists, drop it
* Rename the table created to the final name

[ Query Result %
o E @E} @ s0L | All Rows Fetched: 7in 0,022 seconds
i} COLUMN_NAME it POSITION
S5¥Ys c00171542 MY SALES PROD ID (null)
SYS C00171543 MY SALES CUST_ID (null)

SYS C00171544 MY SALES TIME ID (null)
SYS_C00171545 MY SALES CHANNEL ID (null)
SYS C00171546 MY SALES PROMO ID (null)
SYS_C00171547 MY SALES QUANTITY SOLD (null)
SYS C00171548 MY SALES AMOUNT SOLD  (null)




Augmented Analytics:
No ML? No fun!




Timeline of Innovation Points in the Analytics Market
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Slide author: Philippe Lions, Vice President, Oracle Analytics PM




Where are the skills ?

Only few resources hold technical skills to ... yet many Business-Analysts can derive

execute ML / Al / Advanced Analvtics... great value of using Al/ML for their domains

Slide author: Philippe Lions, Vice President, Oracle Analytics PM
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Converged Analytics Platform for all Personas, Workloads and Data

ﬁ% Eira‘m 12\ q%

Data Business Business Citizen
Engineers Analysts Users Data Scientists
Governed Analytics LOB/Self-Service Analytics Augmented Analytics
Dashboards Distributed Data Visualization sl Das Voice & Chatbot Natural Language

Pixel-Perfect Reports Preparation

Data Profiling &

Enrichment Al Explainability

Semantic Models Query Federation Storytelling Direct Connectivity

Briefing Books Data Export Collaboration Mobile Automated Insights Machine Learning

Slide author: Philippe Lions, Vice President, Oracle Analytics PM




One-Click ML

< »m BC_ ML

B o

Search

Add Data

Join

Union Rows

Filter

Aggregate

Save Dataset

Create Essbase Cube
Add Columns

Select Columns
Rename Columns
Transform Columin
Merge Columns

Split Columns

Bin

Group

Branch

Curmnulative Value
Time Series Forecast
Analyze Sentiment
Train Mumeric Prediction
Train Multi-Classifier
Train Clustering

Train Binary Classifier

Train Bina._. Save
A

(®) Ex2Datal & Classifier Maodel

Train Binary Classifier

Maodel Training Script Logistic Regression for model training

* Target res

target, the target(label) to learn/ predict

Fositive Class in Target

Yes |

Positive class in the target value. Default is ves.

Predict Value Threshold %

50 W A|

The threshold value to determine the predict values

Maximum Mull Value Percent

50 v .«|

Maximum number of records in percent that can contain null values.

Mumerical Column Imputation | Mean

The mode method for numeric features to fill NA. Four options: mean, max, min, median. Default is mean.

Categorical Enceding Method | Indexer v |

Encoding method.

Caterorical Column Imnutatinon | Most Frequent b |




One-Click ML

8 o

Search l )
Apply s
ML test da... ol Save Data
@ Add Data _ @ ML testa J & Model ‘. e
2 Join
E Union Rows
Y Filter
> Aggregate Apply Model
I, Save Dataset
& Create Essbase Cube Model Affinity Card ML Model
IE Add Colurmns 4 Qutputs
||E Select Columns
Create Output Column Mame
=P Rename Columns
lI[E Transform Column
Prediction ‘ Prediction ‘

[*] Merge Columns
] split Columns PredictionProbability ‘ PredictionProbability ‘
ha Bin o
e » Additional Outputs
.l. Group
—Z Branch 4 Pgrameters
I~ Cumulative Value Cost Madel - Auta | On N |
L Time Series Forecast Use the option Cost Model Auto
@ Analyze Sentiment
: Compute lift and gain | No hd |
;3?. Train Mumeric Prediction - - — -

Use this option to generate model [ift and gain values

2 Train Multi-Classifier for this daraser. Note:- An additionz| output dataser
with the same name and suffix _LIFT will be created.

%3 Train Clustering

o® o

t;’;, Train Binary Classifier Target column to compute lift Select a column

AutoML Selumn containing a_:t_JEI valugs to be used to

compute lift. This info is required to compute lift.

& Apply Model

e Dlcisin: et en £ liEs




One-Click ML

ML is just one click away.
Where does it run? What does it do? Who cares... Not a user problem!
Brand new teams of data scientists have been created.

They ingest data at a crazy pace, they often don't care if the database can do the
job, they will export you whole database into their python playground and build
their ML models there.

* Or maybe they will decide to train a ML model on your database, on all the data

 All the records will be retrieved and a lot of calculation will happen

* Even the simplest decision tree can be a quite long list of IF ... ELSE ...



ML: decision tree for classification

An example of a Decision Tree model

e 0
o im0 Ay
ity oD

i P T R

[

Hasa1

|8 b 7ote 3wy

i ey S

I
[
s e 1
o e - aney
g

[
My B D

4 Lva. L

I
[
e
L
e sumER e
I |_|_|

e 10
|8 bplene -mmr | [ o A
o bty 3TH r4 ] ey 130N
oo  rot_Crom_ e
—— :
[ 1
=X =K C T L
iy 377 - mary e 33 00704 [® e 407y R ENI
[op it naary [ it -3 M o Py 13 T
[ 1
a e
l_l_l : l_l_l
[ 1
o 3 = o 11 = e T ewsm 11 e 4
[y @ -y e > upany e mo oy e # apn [y e 0y [y e iy ot e 1. 235y y gt 7 033 8 e e oamm
[ sy T smEm, i = asi) [y e Sy o3 o oprory e e ey mn ey [ iy arony s vy 72 ap
1 | ki |
ra_mrwory ik o o =T} ro_prwry . Lnaw
l_|_| l_|_| l_|_| : :
] [ 1 [
= =TT i @ i M aass 52 i s a0 s 11 K] a1 Pt 11 = s 44 =
s s aing ey 43 03 W e -k -z Wi e ¥y [ 1w B e 2 4 e ] et -n - L [m e izazg s @rang e me w1 g it ¥ g
st e 7w pHi T HARY = pitiy -0 anmy [T T N [ S Ty o parba 10 A Fabig HIFT WETY st bien 7z [t e ARy o ey 2T i w2z st kw0 ) [rtien 3 m L TR ]
| L 1 | 1 o 1 1 il N s
Zp wmOca AN, T 2y v i b o By 1 o Syt o B T
[ee m L CoED e CE] o = e 1 C=E] D
e 5 apmg ] -390 |8 e inary (8 g - apy Wi e -3 ap e ® oy [y e ® s oy iy e amom By e n gy [rpars o many| [ o e
a4 mamn LTI 0 ey nr | (9 ey - vy Bt e 307 A0y [ by -2 - A [Eahin - 02 -mn i " nay Fabig A Fabi 8 AR [ - rrrnl [ e -2 o gty 8 A




ML: decision tree for classification

An example of a Decision Tree model

Node: 46

Prediction: legitimate

Support: 1BB22 (1,25%)
Confidence: 100%

W legitimate : 18822 {100,00%:)
E phishing ; 0 (0,00%)

| I

Node: 19
Prediction: phishing
Support: 4195 (0,28%)
Confidence: 79, 38%

W legitimate : 865 (20, 62%)
O phishing : 3330 (79,38%)

1

Split: DOT_COUNT

I

Node: 22
Prediction: phishing

Support: 32856 (2,19%)
Confidence: 90,74%

W legitimate : 3043 (9,26%)
O phishing : 29813 (90, 74%)

1

Split: URL_LENGTH

I

Node: 20

Prediction: phishing
Support: 3301 (0,22%)
Confidence: 98,55%

M legitimate : 48 {1,45%)
O phishing : 3253 (98,55%)

I I

Split: URL_ENTROPY

Node: 49

Prediction: legitimate
Support: 894 (0,06%)
Confidence: 91,38%

M legitirnate : 817 (91,39%)
O phishing ; 77 (8,61 %)

L

Node: 50

Prediction: legitimate

Support: 2852 (0,19%)
Confidence: 100%

M legitimate : 2852 (100,00%)
E phishing ; 0 (0,00%)

| I

Node: 23

Prediction: phishing

Support: 30004 (2%)
Confidence: 99 36%

W legitirnate : 191 (0,64%)
O phishing : 29813 (99, 36%)

1 I

Split: DOT_COUNT

I

Node: 24
Prediction: phishing
Support: 657428 (43,81%)
Confidence: 99,82%

W legitimate : 511 (0,08%:)
O phishing : BSE917 (99,9:

1 I

Split: URL_ENTROPY

I

Node: 25

Prediction: phishing
Support: 4316 (0,28%)
Confidence: 93,05%

M legitimate ; 300 (B,95%)
O phishing : 4016 (93,05%)

1 I

Split: DOT_COUNT

I

Node: 52 Node: 51

Node: 53

Node: 54

Node: 48
Prediction: phishing

Support: 2366 (0,16%)
Confidence: 100%

W legitimate - 0 (0,00%)

[ phishing ; 2366 (100,00%)

I I

Node: 47
Prediction: phish

W legitimate ; 48
O phishing ; 837

Support: 935 (0,068%)
Confidence: 94 87%

I I

ing

£5,13%;)
(94,87%)

Prediction: phishing
Support: 1334 (0,09%)
Confidence: 85,68%

M legitimate : 181 (14,32%)
@ phishing : 1143 (85 68%)

Prediction: phishing

Support: 2B670 (1,91%)
Confidence: 100%

W [egititnste : 0 (0, 00%)

@ phishing ; 28670 (100,00%)

N I

I I

Prediction: phishing
Support: 1248 (0,08%)
Confidence: 75,96%

Prediction: phishing

Support: 3068 (0,2%)
Confidence: 100%

W |egitimate - 0 (0,00%:)

[ phishing ; 3068 (100,00%)

I I

N I

M [egitimate : 300 (24,04%)
@ phishing : 948 (75,96%)

’_
Node: 27

Prediction: phishi
Support: 4439 (0,
Confidence: 87 5
W egitirnste 1110
O phishing ; 432¢

I

Split: DOT_COUI

=



ML: decision tree for classification

| don't know how to fully rea

it, but the DB was busy when training the model.

1R 2avE

DB04_5hz_zrh
23.0.0.00

PRIMARY PDE (ORCLPDB1)
Uptime: 2 day(s) 19 hour(s)

QIS x86_64/Linux 2.4.3x CPUs: 2

SESSIONS

MNumber of sessions

A\

13:36:38 133708 13:37:38 133808 133838
W Bhcked © Incive W Active
250
=
S 200
2
£
E
]
1
& 150
i
=
£ 1o
0.0
133638 133708 13:37:38 13:36:08
B Administrative W Application W Cluster W Commit
B Concurency @ Configuration B Matwork Other
Scheduler System 10 W User 110
DB CPU RATIO
35
25
®
S 2
E 20
5 15
10
5
13:36:38 1337:08 13:37:38 13:3808 133838

CLIENTS

1,3 kBis

Mumber of Clients: 5 Average Response Time: 0.5 milliseconds

Open Cursors

4500

9599 Bls

PROCESSES
Counts Execution Rate Parse Rate
Number of Dispatchers 1 s e
4000 4000
Mumber of Shared Servers 1 500 500
3000 2 000
Number of Dedicated Servers 92 S 2500 g 2500
é 2000 ; 2000
Number of Parallel Servers 8 i 1500 2 fs00
1000 1000
Number of Busy Parallel Servers o 500 500
Number of Job Servers 4 133639 13IT09 133739 133809 133839 13:36:3%
TOP SQL | MEMORY/STORAGE
# S5aL ] CPU Secs. »
1 call ODMR_ENGINE_MINING CLASS_BUILD_PROG (0,1 ) B 429 m
2 call dbms_stals. gather_database_stals_job_proc { | I 225 m
3 INSERT /* B_23552734E828FD12_E */ /*+ appand statement_queuing */ INTO SYS MODELGT... Il 108m
4 INSERT * B_23552755005AF82E_E */ /*+ append statement_queuing */ INTO SYSMODELGT.. Bl 10.7m
5 INSERT /* B_23552732F95BF82A_E */ "+ append statement_queuing */ INTO SYS MODELGT... Il 10.7m
& INSERT /* B_2355273C6061F82C_E */ /*+ append statement_gueuing */ INTO SYS MODELGT... Il 10.7m
T begin ctesys. drvimrdirect_get(:mode, :lang, :fmi, :cset) end, B4az2m
B call dbms_autotask_prvt.run_autotask [ 0,01 ) 141m
@ begin *KAPLcapture’/ dbma_auto_index_internal.capture_sts; end; Bém
10 begin cixsys.drimedirect_set  {cbesys.drvimr MODE_VCHRZ, language, format, ccharsetp_ve., 135m
11 begin :txt = ctxsys.drvime.direct_get_vchr2(); end: 134m
12 SELECT VALUE(P) FROM TABLE(DBMS_SQLTUNE SELECT_CURSOR_CACHE{BASIC FIL.. |28m
13 begin clasys drdamrdirect_set  (closys drvimr MODE_VCHRZ, language, format, charselp_ve.. | 26m
14 call ODMR_ENGINE_MINING.SUBFLOW_START_PROG (:0.:1 ) 15m
15 SELECT d.* FROM { SELECT d.°, ROWNUM ROW# FROM (SELECT d.* FROM (select sgl_tex..  1.3m
16 SELECT POS+1 POS, VAL, NONNULLS, NDV, SPLIT, REIZE, ROWCNT, TOPNCNT, TOPN, ... 53.2s
17 begin prvt_hdm.auto_execute( :dbid , :inst_num , ;end_snap_id , :time_left ); end; 4143
18 358
18 SELECT /*+ OPT_PARAM(_parallel_syspls_obey_force’ false') %/ KSPPCV KSPRSTVL FROM .. 2765
20 insert into wrhd_mvparameter (dbid, per_pdb. con_dbid, snap_id, instance_number, paramate 2583

13T 133739

Disk Reads
| BIK

339
T
]
420

13:38:09

133839

Buffer Gets

T2AK

B zzm

O 2am

123.1K

B17.8K

675

422 8K

151.1K

745

13.6M

4000

3500

3000

2500

2000

Open Cursora's

1500
1000
500

133638

Executions

[ 2.EM
251

245

I 1.7
I .2M

104K

284

| 908K
B8

133708

133TA9 133808

Elapsed Secs.
I 140.4 m
. 35.5m
B 352m
Il 351m
B E5Am
Il 35.1m
113m

65m
&3m
1112m
1 106m
3gm
| 7.7 m

2Zm

4418
4275

ddds

133839

1

Commit Rate

Cormmitss

Inst.

a

13IEIT IIIAT0

Module
DEMS_SCHEDULER

DBMS_SCHEDLULER

DBMS_SCHEDULER
DEMS_SCHEDULER
DBMS_SCHEDULER
DBMS_SCHEDLULER

DBMS_SCHEDULER

SYS_AUTO_STS M.

DEM3_SCHEDULER
DEMS_SCHEDULER
SOL Developer

dbms_stats: gather £...

DBMS_SCHEDULER

DEMS_SCHEDULER

133738

133808 133639

Last Active
30-Sep-2024 11:38..
29-Sep-2024 22:08.,
30-Sep-2024 11:38..
30-Sep-2024 11:38..
30-Sep-2024 11:38..
30-Sep-2024 11:38..
30-Sep-2024 11:38.,
30-Sep-2024 11:25..
30-Sep-2024 11:25..
30-Sep-2024 11:24.,
30-Sep-2024 11:38..
30-Sep-2024 11:25..
30-Sep-2024 11:38..
30-Sep-2024 11:03..
30-Sep-2024 11:38.,
30-Sep-2024 11:25.,
30-Sep-2024 11:30..
30-Sep-2024 11:02.,
30-Sep-2024 11:25..
30-Sep-2024 11:30..

>




Al:
If it doesn’t have vectors, it can’t be right!




Timeline of Innovation Points in the Analytics Market

High 4
» Automated data stories
» Multiexperience
+ Conversational analytics:
NLP, NLQ and NLG for
continued exploration
Dash_bo_ards for * Digital Assistant or
. monitoring and :
< ; collaboration tool
u analysis : .
o < NLO- and LGS~ Imestation .
0 : ; » Suggestions in user context,
] driven questions ; i
c at the point of decision
g « Dashboards SREEIEHOIE + Any data and complex
Z ashboardsfor . Aytomated :
S monitoring and Insights questions
@ analysis « Open questions,
=  Predefined data el The Augmented
« Reports and questions Consumer
* Predefined data 3 Prled_eﬁniq Augmented
and questions SRS Analytics
: Ferlz ?g;gi? " Self-Service Visual-
b Exploration Platforms
Semantic layer-
Based platforms
Low >

Months Days/Hours Near Real Time

Time to Insight / Business Agility
Source: Gartner 2021

Slide author: Philippe Lions, Vice President, Oracle Analytics PM



How big is your storage?

Vectors, vectors everywhere, vectors for everything

* OpenAl text-embedding-3-1large return a vector of dimensionality 3072

« 'POUG2024’ 8 characters in, return a vector that when converted to CLOB is 50’335
characters long!

« cohere.embed-english-v3.0 returns vectors with 1024 dimensions, only 16’808 characters...

FPEB-BRA BRR &&dN

Worksheet Query Builder

11ZEWITH t AS |

113 SELECT

114 FROM VECTOR (

115 DBEMS VECTOR.UTL TO EMBEDDING('POUZZ024',

11a Json (' {

117 "provider™: "OpenaI™,

118 "credential name™: "CRED OFENAI PRJ",
119 "url™: "https://api.openai.com/vl1/embeddings”,
120 "model™: "text-embedding-3-large"

121 ')

122 } RETURNING CLOB) as v

123 1)

1Z24| \SELECT DBMS LOB.GETLENGTH(v), v FROM t;

125

e W

bQuery Result =
| 4 E Eﬂ @ SQL | All Rows Fetched: 1in 1,179 seconds

{: DBMS_LOB. GETLENGTH(V) |u
1 E0335[-4.1369594¢E-002,1.7811419%4E-002,-1.69239249F-002,1.66954c03FE-002,4.654. ..




How big is your storage?

There are many other models generating embeddings of various sizes.
all MiniLM_L12 v2 can be loaded in the database and executed there.

Return vectors of dimensionality 384, such a vector in a textual form would be
~6'292 chars.

For an input of 256 tokens (~words) maximum, a vector represented by 6’292
chars is produced.



Indexing vectors? Ok, but which distance metric?

Having millions or more vectors is good, but could become slow for proximity
queries.

Vector indexes speed up vector search.

But ...
You maybe will need to define multiple indexes on the same vector column of the

same table, because vector indexes are “specialised” indexes and not generic.

The metric is the key.



Indexing vectors? Ok, but which distance metric?

Syntax

_.| CREATE -.| VECTOR -;| INDEX -)(vecmr_im:iex_nam:)-nl ON

}J,—) GLOBAL _‘L.}

—(vectn r index_o rganizatinn_dause)—;

J’_’ WITH |l TARGET -)|ADEUFLACY

a(perm ntage_mlmh

—(vectnr_indm _parameters_clame}

J,—) NEIGHBOR

f—’ PARALLEL -)Cdagme_nf _parallelismh

INMEMORY |
— ORGANIZATION NEIGHBOR

vector_index_organization_clause::=

—\ GRAPH

WITH

-(table_name ﬂ vector_column 0

DISTANCE

—)(metric nameh

_\L- PARTITIONS

-




Indexing vectors? Ok, but which distance metric?

A vector index is defined saying which distance metric it should use.

e Euclidian Syntax
 Euclidian squared

. CREATE || VECTOR || INDEX |5( vector_index_name 5| ON mble_mme)—:.w
. Cosine —1 H P{INDEX B )5 EllL( (Op(ectorcolumn }5() )
* Dot Product
 Manhattan

—(vectnr_inﬁm_nrganizatinn_dause)—p

An index with a mismatching LI TARCET [ ACOUCY pGereriie e
metric will not be used.

—)(VECtDr_il‘lﬂEx _parameters_clame})

f_.( PARALLEL |.)@egree_of _parallelism)—l
vector_index_organization_clause::=
INMEMORY [» o GRAPH h J—)| DISTANCE Js((metric nameh
*

PARTITIONS




Al in the database leads to XY problems

Al is often performed by 3rd party (web)services.

Many applications ask for an APl key for service XYZ to be able to provide some Al
functionalities. Inside the Oracle Database it isn't different.

This often leads to XY problems between users and DBAs.

What is the XY problem?

* The XY problem is asking about your attempted solution (Y) rather than your actual problem
(X). This leads to enormous amounts of wasted time and energy, both on the part of people
asking for help, and on the part of those providing help.



Security driven by users

A simple example...

Oracle Database has DBMS_VECTOR and DBMS_VECTOR_CHAINS able to
perform embedding and LLM-based text generation calling external webservices.

The documentation doesn’t explain in detail what “good practice” security must be
configured to allow the calls.

But, luckily a number of blog posts and Oracle resources provide a solution!



Security driven by us

& 2% giita.com/kenwatan/items/d 1bc626ab18628c84958

c %3 oracle-japan.github.io/ocitutorials/ai-vector-search ;E‘ﬁ{@%

ORACLE DATAB.
VECTOR SEARC

101 : Always Free
ADBA v 2 &+ 3
102 R =

Database 23ai Fry

104:7 74 =7
BTG Y
USRS FAET

106 - Oracle Data
LangChain TRAC

108 - SELECT Al

DBMS_VECTOR_CHAIN.UTL_TO_SUMMARY
E17FIE (OCl GenAIDIFE)

1. DBMS_NETWORK_ACL_ADMINZ{ERU TRANMCHER{TS

BEGIN DBMS_NETWORK_ACL_ADMIN.APPEND_ HOST ACE( host => '*', ace => xs$ace_type(privilege list =>

xs$name_list('connect'), principal_name => 'docuser', principal_type => xs_acl.ptype_db)); END; /

2. DBMS_VECTOR_CHAIN.CREATE_CREDENTIALZ{EAL COCINE&IEEAZ/ERL

declare
jo json_object_t;
begin
-- create an OCI credential
jo := json_object_t();
jo.put('user_ocid', 'ocidl.user.ocl..aabbalbbaall112233aabbaabb1111222aal1111bb");
jo.put('tenancy_ocid', 'ocidl.tenancy.ocl..aaaaalbbbb1112233aaaabbaallll222aaallla’);
jo.put('compartment_ocid', 'ocidl.compartment.ocl..ababalababl1112233abababab1111222aballab’);
jo.put('private_key', 'AAA22aBBB11112222333...AAA111AAABBB222aaala/+"');
jo.put('fingerprint', '0l1l:1a:al:aa:12:al1:12:1a:ab:12:01:ab:al:12:ab:1a');
dbms_output.put_line(jo.to_string);
dbms_vector_chain.create_credential(
credential name => "OCI CRED';
params => json(jo.to_string));
end;

61 Copyright © 2024, Oracle and/or its affiliates

R_ROLE] &

imited on USEI




Security driven by users

1. Grant the CREATE CREDENTIAL privilege; and

grant create credential to &app schema.;

2. Allow the schema to make network connections using the DBMS_NETWORK_ACL_ADMIN

procedure.

begin
dbms_network_acl_admin.append_host_ace(
host =» "*°
, ace =» xs%ace type(
privilege list =» xs$name list( connect’)
, principal_name => "&app_schema.’

, principal type => xs acl.ptype db

end;

There were no issues performing the second task, however, for the first, the ADMIN user

itself does not have that privilege. Hence, when you execute the procedure

DEMS VECTAR CREATE CREDEMTTAL  wouwnnldd hawvwe rearoived thic:




Security driven by users

Apparently, the solution to be able to use a 3rd party webservice for Al, is to allow

your schema to connect to any
random resource using a list of
packages:

« UTL_TCP

« UTL_SMTP

« UTL_MAIL

« UTL_HTTP

Do you really need all that?

No! But the user will ask the DBA
to execute that statement!

« AXY problem

1. Grant the CREATE CREDENTIAL privilege; and

grant create credential to &app schema.;

2. Allow the schema to make network connections using the DBMS_NETWORK_ACL_ADMIN

procedure.

begin
dbms_network_acl admin.append host_ace(
host => '*'
, ace => xsface type(
privilege list =» xs$name_ list('connect")
» principal name => '&app_ schema.'’
» principal type =»> xs_acl.ptype db

end;

There were no issues performing the second task, however, for the first, the ADMIN user

itself does not have that privilege. Hence, when you execute the procedure

DEMS WECTNR CREATE CREDEMTTAL  wonrwonld have rearsied thic:




Security driven by users

Why not just allow the minimal possible opening?

BEGIN
-- for OCI GenAIl
DBMS_NETWORK_ACL_ADMIN.append_host_ace (
host => 'inference.generativeai.eu-frankfurt-1.oci.oraclecloud.com’,
lower_port => 443,
upper_port => 443,
ace => xs$ace_type(privilege_list => xs$name_list('http'),
principal_name => 'my_user',
principal_type => xs_acl.ptype_db));

-- for Cohere
DBMS_NETWORK_ACL_ADMIN. append_host_ace (
host => 'api.cohere.com',
lower_port => 443,
upper_port => 443,
ace => xs$ace_type(privilege_list => xs$name_list('http'),
principal_name => 'my_user',
principal_type => xs_acl.ptype_db));
END;



Al has different needs

Does your database server look like this?

Oracle GPU License?
A GPU expansion module for Exadata?

How are you supposed to size your
database hardware if your usage is a
moving target?




And there is more...

Converged database



Oracle Converged Database

Oracle Converged Database

Native Binary JSON/XML

Relational /E.EE

Columnar analytics

In-Database Machine Learning

Transactional Event Queue

Text Data

| {JSON}

@n\-@_

Property Graph/RDF

@/— Spatial
©

Vector embeddings

>

&

N
B

i3

Blockchain tables

D

53

Internet of Things

External Data

2

WN
2




Oracle Converged Database

Oracle Converged Database is great: many workloads in a single product.

But...

It's like a Swiss Army knife: practical and very useful when you have nothing else,
but struggle to keep up with tools dedicated to a single task.



Oracle Converged Database




Oracle Converged Database

Oracle Converged Database is great: many workloads in a single product.

But...

It's like a Swiss Army knife: practical and very useful when you have nothing else,
but struggle to keep up with tools dedicated to a task.

Not saying that the converged database is wrong, but if at some point you are

using your Oracle Database for everything but a relational database, you maybe
bought the wrong product?



Analytics in 2024 can hurt your database...



Back to many years ago...

When it was all about Reporting, the DBA had all the information to proactively
prepare the database to perform that task. Tuning queries, spreading execution
across the available window.

© A0
5 s ]




It started shifting to something else...

With Business Intelligence, things started changing. The data expert was the one
modelling things, influencing queries. But the DBA could still play a role, observing
the workload and suggesting changes and working hand in hand with the data
expert to achieve the best results.

© A
5 I —

-




To become user-driven...
With Self-service Analytics first, and even worse with DIY Analytics, the end users

are free to do whatever they want. Data experts can try to train them, to collect

requirements and build content in the “old” way to make it available to them. DBA
are reacting more than being proactive.

© 200
5 O —

Q
-




And finally be out of control!

With ML and Al, who is in charge? Who has the control? Not even the end user
does know anymore what's going on. With the introduction of Al Assistants, it's a
LLM generating queries! DBAs can only try to run after all that...

Two users needing the same thing could get different queries just because they
worded slightly differently the question.
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