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Uczenie maszynowe w ujeciu catosciowym




Model wyrusza w sSwiat




Czym jest uczenie maszynowe

1. Wydobywanie wzorcow z danych =, uczenie” = dopasowanie modelu do danych

IVI LO ps 2. Prognozowanie z nowych danych

srodowisko uczenia maszynowego traktujemy systemowo

DevOps (ang. Developments and Operations)

* niezawodnos¢
skalowalnos¢
tatwosc¢ utrzymania
adaptacyjnos¢

Rozwdj i Eksploatacja

Eksploatacja = stosowanie w produkgji

e wdrozenie
*  monitorowanie

e utrzymanie ] .
Y Wdrozenie

MLOPS = ML + Dev + Ops

ML Dev Ops
Experiment, Train & Tune Develop Cl / CD Monitor & Manage
ML to find Pipelines to deploy Models Mon i torowan i e

Optimal Model Models at scale




Roznice MLOps a DevOps

- Tradycyjna inzynieria oprogramowania: kod i deIMe€ s3 oddzielone
- System uczenia maszynowego = kod + deIne + artefakty

« Ulepsza¢ algorytmy czy ulepszaé dane: testowanie i wersjonowanie danych

modeldb



https://modeldb.tidymodels.org/
https://dvc.org/

Srodowisko badawcze a $rodowisko produkcyjne

- Ewaluacja modelu
+ kalibracja modelu (prdg pewnosci)
* testy niezmiennosci (zgoda na kredyt) ga gi
* ewaluacja na wycinkach (podzbidr mniejszosciowy, krytyczny)
punkt koncowy

srodowiska projektowe m produkcyjne

Eksportowanie modelu = serializacja

‘

aws = xz»mck Q e

T e APACHE
Amazon @ - © @ . @ é z

Build Lu» Rogetsran -@. . o r

SageMaker " : Q ml Microsoft

“ 2 HE Azure
End-to-End Managed @ ' n
Machine Learning - - <l
Platforms Deeloy] =P - - BuildIma

Google Cloud Platform




Testowanie modelu w ...




Testowanie modelu w ,,produkcji”

- Model kandydujacy ég

Kopia rozwigzania (ang. shadow deployment)

* podwaja sie liczba prognoz ){Q
* niskie ryzyko wpadki S

Testy A/B Y

* Dane sg losowo kierowane do modelu A lub B

000
Testy kanarkowe (ang. canary release) ©o o

* stopniowe wprowadzanie modelu do niewielkiej grupy uzytkownikow (na ogdét mniej krytycznej)

Eksperymenty przeplatane (ang. interleaving experiments)

A B C
* uzytkownik otrzymuje prognozy/rekomendacje z obu modeli i wybiera jedng @§
4

Algorytmy bandyty
* eksploracja / eksploatacja poprzez randomizowane kierowanie zgdan do modeli i pomiar jakosci




Wazne w przemysle, nie w nauce

- Wydajnos¢ nowej technologii moze poprawic sie z czasem . asouT
. . . , . TALKS

* nieudane wdrozenie lub zosta¢ w tyle za konkurencja J u I ia Eva NS o
MASTODON

GITHUB

- Rdzni interesariusze majg rdzne wymagania do jednego systemu

. . . . .« . . Machine | ing isn't K | titi
- Dane sg niechlujne i zmieniajg sie A A o g.¢ comPetitions

L rite about strace and kernel programming o this log, butat work L actully
- Magia ﬁ\’side dla klienta i dla inwestorow %fimzkllzﬂ:g{m%y?g";“m“d“’iép"y
- Mozliwa jest awaria bez sygnatu o btedzie

- System nie jest ukonczony, ale trzeba go udostepnic kausen Qe ayner

- Wsparcie spotecznosci

- Koszty ulepszen

+ Interpretowalnos¢ a wydajnos¢

- Modele zespotowe (ang. ensemble models) nie takie dobre

o CzaS Obliczeﬁ a czas iniynieréw Al competitions don’t produce useful models  achives

July 2022 (1)

A huge new CT brain dataset was released today, with the goal of training March 2022 (1)



https://jvns.ca/blog/2014/06/19/machine-learning-isnt-kaggle-competitions/
https://laurenoakdenrayner.com/2019/09/19/ai-competitions-dont-produce-useful-models/

Uczenie ptytkie i gtebokie

Model ,ptytki”

(ang. shallow learning)

Model wielowarstwowy, hierarchiczny
- Optymalizacja sprzetu na potrzeby popularnych modeli

Uczenie gtebokie
(ang. shallow learning)

- Uczenie transferowe
» Osadzenia

- W srodowisku produkcyjnym zmieniajg sie kategorie/etykiety




Kiedys to byto...
) 1 aplikacja = 1 ustuga
b

4
P

A dzis, to panie ...

[ ]

Kod zr¢diowy - Uczenie ciggte
Python .. .
* cron, zarzgdca procesow i orkiestratory

Kod zrédtowy + aktualizacja modelu na podstawie
Ja"j mikropaczek/mikrowsaddw
SQL

Instancje z
autoskalowaniem
Kod Zrdédiowy
Scala
B Kod zrédiowy

Python

* iteracja modelu, iteracja danych

Zarzadca

proceséw
i ustug




Platformy uczenia
maszynowego




Machine-Learning-Web-App

Flask

web development,
one drop at a time

Pierwsze kroki

Height Weight Species
889 483 Dog data.csv model.py templates
90.2 474 Dog
82.7 44.8 Dog
814 48.2 Dog
83.5 39.9 Dog
764 354 Cat

823 404 Cat
81.1 399 Cat

import pandas as pd
from sklearn.naive_bayes import GaussianNB
import joblib

from flask import Flask, request, render_template

import pandas as pd df = pd.read_csv("data.csv")
import joblib

Height: [Enter hdightinem  # |

X = df[["Height", "Weight"]] 'nght: Enter weight in kg

y = df["Species"] : .
| Run |
app = Flask(_name_) clf = GaussianNB()

clf. Fit(X, y)
@app.route('/', methods=['GET', 'POST'])

def main(): joblib.dump(clf, "clf.pkl™)

if request.m od = "POST":
(PE html>

clf = joblib. d("clf. pkl") tle>Your Machine Learning App</title>

height = request _form.ge :("height") rm name="form", method="POST", style="text-align: center;">

<br>

weight = request.fo t("weight") Height: <input type="number" name="height", placeholder="Enter height in cm" required/>
input type="number" name="weight", placeholder="Enter weight in " required/>
X = pd. ([[height, weight]], columns = ["Height", "Weight"])

style="text-align: center;">{{ output }}</p>
bod

prediction = clf.j ict(x)[e] </html>



https://towardsdatascience.com/building-a-machine-learning-web-application-using-flask-29fa9ea11dac

iy
data.csv model.py St rea m | it

Pierwsze kroki

Height Weight Species
88.9 483 Dog
90.2 474 Dog
82.7 44.8 Dog
814 48.2 Dog
83.5 39.9 Dog
764 354 Cat
82.3 404 Cat

81.1 399

import streamlit as st import pandas as pd
import pandas as pd from sklearn.naive_bayes import GaussianNB
import joblib

df = pd. d_csv("data.csv")

df[["Height", "Weight"]]
("Streamlit Machine Learning App") df["Species"]

Streamlit Machine Learning App

= GaussianNB()

height = st. ("Enter Height") Sl v 0.00

it Viight

0.00

weight = st. ("Enter Weight")

Skt Eye Cokinr

("Select Eye Colour", ("Blue", "Brown"))

("Submit"):

clf = joblib.load("clf.pkl")



https://towardsdatascience.com/building-a-machine-learning-web-application-using-streamlit-8c3d942f7b35

Platforma uczenia maszynowego

Your free trial is waiting: activate now te get $300 credit to explore Google Cloud products. Learn more

Google Cloud Platform  Select aproject v

Home

Get Started with
Y Marketplace Google Cloud Platform GOOQ'Q Cloud Platform
& Biling | 12 month, $300 free trial to get you started.
Always Free products to keep you going é c t "
AP  APIs & Services > reate version
'i' Support >
To create a new version of your model, make necessary adjustments to your saved

© 1AM & admin > model file before exporting and store your exported model in Cloud Storage. Learn more
®  Getting started Top Products Name

v0001

. i > {Ii} =l <

D security =0 ~z Name cannot be changed, is case sensitive, must start with a letter, and may only contain
Cormpule Eigine Cloud Storage Cloud SQL letters, numbers, and underscores. 5/ 128

COMPUTE s R i
Scalable, high-performance virtual A powerful, simple and cost A fully-managed Description

. = machines effective object storage service MySQL/PostgreSQL database

©- App Engine > daniice Dense net with 2 layers (100, 10 units) 4

{z}  Compute Engine >

Python version
35 v

@ Kubernetes Engine
Select the Python version you used to train the model

Framework
TensorFlow v




Platforma uczenia maszynowego

Microsoft Azure £ Search resources, services and docs

My dashboard ~

Private dashboard

Tomas@contoso.com "r’
0

mll Vicrosoft

-+ Newdashboard ~ () Refresh " Full screen & Edit [ Clone 3 Share L Export v [il Delete < Feedback
Auto refresh : Every 5 minutes Subscription 2 selected
Average process CPU (all cores) Operations this month
Contoso we Contosoweb
Microsoft Azure (Preview) P Search resources, services, and docs (G+/) e @ & 2?2 0O Tomas@contoso.com
30€ DEFAULT DIRECTORY
Azure services
20 I I I I I
-
[ i I — & — o] ) <
1o in - Virtual App Services Storage SQLdatabases  Azure Database  Azure Cosmos  Kubernetes
e machines accounts for PostgreSQL DB services
o I I
000 0:30 100 8 29 3 31 81 2 3 4 S5 6 T 8 Recent resources

AVERAGE PRO

“ONTOSO-W1.CONTO, CONTOSO-

CONTOSO-W1.. @ ONTOSO-W2.. @ CONTOSO-W3.. @

55, 162 48 49.2x 116.4x 112.9«

arm

API Connection

Just now
BuildApp App Service Just now
Average of Server response time by Operation name Performance
Contosoweb Contosomeb Al-Downtown-bc93 Application Insights 3 min ago
100%
adventure-vm-3-ip Public IP address 3 min ago
OPERATION NAME AVERAGE COUNT
[ @ | adventure-vm Virtual machine 6 min ago
POST Order/Payment 1674 s NG 571
POST Order/Address 7s5s I 569 .
Navigate
PROPFIND Home/Index 245 12
AYT) Home/Index 1915 1

Subscriptions

Al vic eamn o

a

* Learn Azure with free online
training from Microsoft

["4]  Resource groups

@ Azure Monito

Monitor your apps and

infrastructure

All resources.

Secure your apps and
infrastructure

Dashboard

E’ Analyze and optimize your

cloud spend for free




Platforma uczenia maszynowego

amazon EC 2

|'_.{;E—-I Amazon EC2 |

(*# Amazon EMR

N7y,
m o 1] I:r \ P] Pl Hibernate
Amazon ECS o— '( ]
@ o— |! [ \ / D D Stop L/
s \_: \
Terminate ?/ ’
Othe-r AWS Before running Spot Amazon EC2 .
Services Inst for t Spot Instances Choose all instances and
nstances, reter to P Availability Zones that Choose your Launch and scale
Best Practices Pick the Spot Instance work for your workloads interruption behavior your target capacity

. option
Partner Services

Select provisioning model:
CLI, SDK, AWS API's, AWS
Cloudformation or
3rd party tools




Platforma uczenia maszynowego

'superradiance’

Amazon ECS L
container

=

Amazon SageMaker "
_ Training

Notebook mprprv I instance(s)
instance
==y Filesystem
) mru
Amazon S3

output

Amazon
SageMaker




Platforma uczenia maszynowego

: H.,O
@ @ @ python OJscm H,O = _i} ’Scala yiftableau KN|ME AatoML

Java
HDFs @@ @ @
ﬁﬁ H20 COMPUTE ENGINE @% @

=3 Load Data Exploratory & Supervised &
Descriptive Unsupervised
; > Distributed ] Analysis ; Modeling 2 Predict
Fd— LN ; In-Memory > > ; >
— Feature Model Data & Model
Loss-less Compression Engineering & Evaluation & Storage
NFS Selection Selection
kubernetes
Q \ V . \'-v F ; -
LOCAL Data Prep Export: Model Export: Clusters
Plain Old Java Object Plain Old Java Object

Model Object Optimized (MOJO)
PRODUCTION SCORING ENVIRONMENT

sQL ‘ '
m”"hz L PO YOUR -
sqL Spark ACEL e mlfl YW iMAcINATION



https://docs.h2o.ai/h2o/latest-stable/h2o-docs/index.html

Platforma uczenia maszynowego

DECLARATIVE MACHINE LEARNING SYSTEMS

Flexibility Simplicity

Declarative
Low-level ML System
APls

Higher abstraction
provides flexibility,
automation, ease of use

Opens the door for non
experts to use the
power of ML

We pioneered them
since 2017 with Ludwig
(Uber) and Overton
(Apple) ACM CACM

AutoML

B B B

IMDLUIL



https://ludwig.ai/latest/

Beyond Interactive: Notebook
Innovation at Netflix

‘ Netflix Technology Blog - Follow
. Published in Netflix TechBlog - 13 minread - Aug 16,2018

H Qe ®

(B

By Michelle Ufford, M Pacer, Matthew Seal, and Kyle Kelley

Notebooks have rapidly grown in popularity among data scientists to become
the de facto standard for quick prototyping and exploratory analysis. At
Netflix, we’re pushing the boundaries even further, reimagining what a
notebook can be, who can use it, and what they can do with it. And we’re

making big investments to help make this vision a reality.

Our users have found a surprising number of uses for these templates. Some

of the most common ones are:

e Data Scientist: run an experiment with different coefficients and
summarize the results

¢ Data Engineer: execute a collection of data quality audits as part of
the deployment process

e Data Analyst: share prepared queries and visualizations to enable a
stakeholder to explore more deeply than Tableau allows

o Software Engineer: email the results of a troubleshooting script each
time there’s a failure

oA”GIyt,-c o Dagy Sei o Dazy En,

S &n, g’"@er IentISt glnee
G =y
)
=
Lo
° °

tools: Sublime, Atom, Tableau tools: Jupyter, RStudio, PyCharm tools: IntelliJ, PyCharm, Sublime
languages: SparkSQL, Presto, Python languages: Python, Presto, R, PySpark languages: Scala, Spark, Python, SQL

nteract is a next-gen React-based Ul for Jupyter notebooks. It provides a

simple, intuitive interface and offers several improvements over the classic
Jupyter U, such as inline cell toolbars, drag and droppable cells, and a built-

in data explorer.

Papermill is a library for parameterizing, executing, and analyzing Jupyter

notebooks. With it, you can spawn multiple notebooks with different
parameter sets and execute them concurrently. Papermill can also help

collect and summarize metrics from a collection of notebooks.

Commuter is a lightweight, vertically-scalable service for viewing and
sharing notebooks. It provides a Jupyter-compatible version of the contents
API and makes it trivial to read notebooks stored locally or on Amazon S3. It

also offers a directory explorer for finding and sharing notebooks.

Titus is a container management platform that provides scalable and reliable
container execution and cloud-native integration with Amazon AWS. Titus
was built internally at Netflix and is used in production to power Netflix

streaming, recommendation, and content systems.



https://netflixtechblog.com/notebook-innovation-591ee3221233

Platforma uczenia maszynowego

+ MOC OBLICZENIOWA e e
90
a0

Google Cloud Platform

« Chmura obliczeniowa
Amazon

EC2

R

s
MLMODEL
Core ML Your app

Core ML model

SpQFI’(\Z MLIib

AZURE MACHINE LEARNING




Platforma uczenia maszynowego

MLflow Components

Magazyn
modeli

mlflow
Tracking

Record and query

experiments: code,

data, config, and
results

mif/ow
Projects

Package data
science code ina
format that enables
reproducible runs
on any platform

mif/ow
Models

Deploy machine
learning models in
diverse serving
environments
environments

mlfl-r_'.aw
Model
Registry

Store, annotate
and manage
modelsina

central repository
Magazyn
cech

System

databricks

Lakehouse Platform

DataOps

DELTA LAKE

monitorowania

ModelOps

mlf/ow

mlflow

Tracking Server

m A R

Parameters  Metrics Artifacts

Metadata Models

Data Scientists

A

Deployment Engineers

wNE /%.

Production

'%:\2%?‘}
o | &

s =~
mlfl oW 0
Model Registry
0 Downstream

— 0

\Automated Jobs
5

O

Reviewers + CI/CD Tools

REST Serving




Platforma uczenia maszynowego

srodowisko produkcyjne

@ model /E,i?

srodowisko projektowe Infrastructure

Cl/CD — ciggta integracja, ciggte wdrazanie

celease
£
Cl =

2°
oe‘

g Image —

bu:ld .
\ Autoskalowanie:

nowa instancja - nowe srodowisko

Dockerfile Docker Image Docker Container

kazda nowa instancja to kontener Dockera

Orkiestrator kontenerow
v dOCer _ , kubernetes

1 komputer wiele komputerow ———> ’

Compose **&&*‘ft

docker docker docker docker docker




Przeptyw danych pomiedzy procesami

« Tryb przekazywania przez bazy danych
* konieczny dostep proceséw do tych samych baz danych

* odczyt z bazy i zapis do niej moze by¢ powolny




Przeptyw danych pomiedzy procesami

- Tryb sterowany zadaniami / przekazywanie danych przez ustugi
* Do ustugi mozna uzyskaé dostep zdalnie

 Synchroniczne: ustuga nastuchuje zgdania

. n =
SOA vs Microservices
Service Oriented Architecture Microservices
T r saal
PN
Enterprise Bus Service Microservices
[ | |

Services EE E!E Services

Database Da

((6-=
(=

abase

—



https://www.xenonstack.com/insights/service-oriented-architecture-vs-microservices

Przeptyw danych pomiedzy procesami

- Tryb sterowany zdarzeniami / przekazywanie przez potgczenia w czasie rzeczywistym

 Posrednik (ang. broker) koordynuje przekazywanie danych miedzy ustugami

* Typ potaczen pubsub (ang. publish-subscribe) % APACHqu@ ‘lﬂ amazon

= Kinesis

* Typ potaczen kolejka komunikatow b iiie

H:Rabbit




Przeptyw danych pomiedzy procesami

« Cron — planowanie uruchomienia powtarzalnych zadan o wyznaczonym z gory czasie

- Zarzadcy procesow = cron + zaleznosci miedzy zadaniami oparte o DAG + przydziat
zasobow do okresowych zadan

- Orkiestratory — rezerwacja zasobow (instancje, klastry) przydzielonych przez zarzadce
do zadan wynikajacych z zgdan

Pod 1

Worker 1

Pod 2

[
Kubernetes Master Container 1 -
— | Container 1
Container 2 [
m Container 2
g Apa C h e controller _—— -
T—HERE(IC
ArgoWorkflows% 1 [ kubelet |
3 BAUTEE I r O W o Kubectl / APIs / Dashboard S PN Kube
0 i s APESEINEY Worker 2
Pod 1 Pod 2
- < w B
( pRE FE [ kubelet | Kube-proxy |

Coordinating the world's dataflow.

Kubeflow




Il fala

rozwigzan
Il fala bazodanowych
rozwigzan ‘
| fala bazodanowych Pojedyncza
rozwigzan architektura nie
bazodanowych Reprezentacja wytrzymuje zalewu
danych niezalezna dgnych O'd .
Elektroniczne od implementacji nlepkrzeW| ywaln€j
odpowiedniki magazynu - jezyki strukturze
urzadzen sprzed ery zapytan
komputerow
Wyzwania:

model nawigacyjny _ . )
o niespojnosci (ACID, model taricucha

blokéw)
o powrot modelu nawigacyjnego (bardziej
dla programisty niz ,widok” dla analityka)
o trudnosci z integracjg z narzedziami Bl
o przeklenstwo wyboru




NoSQL — Not only SQL

Modele danych

- Model relacyjny (1970) Edgar F. Codd
Dane sg zorganizowane w relacje (zbiory krotek = wiersze tabeli)
* Kolejnos$¢ wierszy i kolumn nie ma znaczenia
* Normalizacja rozrzuca dane do wielu tabel
* Jezyk zapytan SQL: deklaratywny

- Model dokumentowy
* Dane sg dostarczone w dokumentach o ustalonym formatcie, np. JSON, XML, BSON
* Relacje wystepuja rzadko
« Zbiér dokumentdéw = tabela, dokument = wiersz tabeli
* Dokumenty w jednej relacji mogg miec rézne schematy
* Aplikacja zewnetrzna odpowiada za obstuge struktur dokumentow

- Model Grafowy
* najwazniejsze sg relacje pomiedzy elementami
* wezty mogg miec rézne typy

-Neodqj

. mongoDB.



https://www.mongodb.com/cloud/atlas/lp/try4?utm_source=google&utm_campaign=search_gs_pl_evergreen_atlas_core_prosp-brand_gic-null_emea-pl_ps-all_desktop_eng_lead&utm_term=mongodb&utm_medium=cpc_paid_search&utm_ad=e&utm_ad_campaign_id=12212624548&adgroup=115749720623&cq_cmp=12212624548&gad=1&gclid=Cj0KCQjw98ujBhCgARIsAD7QeAh1ghLgV1CjJSy-RJaF6_TmJLdu_YFASF_pQXy3tLXue38TTWGj_UgaAkEbEALw_wcB
https://neo4j.com/product/neo4j-graph-database/

NoSQL — Not only SQL

Modele danych

- Model relacyjny (1970) Edgar F. Codd
« Model dokumentowy

« Model grafowy

« Model obiektowy

- Model kolumnowy

- Model krotek klucz-wartos¢

- Modele dla pamieci podrecznych

- Model rozproszony

- Model strumieniowy

- Model transakcyjny



https://hostingdata.co.uk/nosql-database/
https://db-engines.com/en/ranking

You
what is data megastructure?

ChatGPT

A data megastructure typically refers to a large-scale, highly organized framework or system
designed to handle vast amounts of data efficiently. It often involves various components such as
databases, data warehouses, data lakes, and other infrastructure elements. These structures are
crucial for organizations dealing with massive volumes of data, such as internet companies,

financial institutions, research organizations, and government agencies.

Data megastructures are designed to store, manage, process, and analyze huge datasets in a way

that enables easy access, scalability, security, and reliability. They often incorporate advanced
technologies like cloud computing, distributed computing, big data analytics, and artificial

intelligence to handle the complexities of large-scale data management.

The term "megastructure" implies a scale beyond traditional data management systems,
suggesting a massive, integrated architecture capable of handling petabytes or even exabytes of

data from various sources and in various formats.

095y v

Megastruktury danych




e Szybki dostep do danych

e Obstuga schematu przerzucona na
aplikacje, ktore uzywajg danych

e Repozytorium na nieprzetworzone

dane to jezioro danych (ang. data
lake)

Koniecznosc¢ trzymania sie zadanego z
gory schematu

Zmiana schematu - wsteczna
aktualizacja danych

Gdy dane pochodz3 z wielu zrodet,
trudno wymaoc spojny schemat

tatwo wyszukiwac i analizowac dane

Repozytorium w gotowych do uzycia
formatach to hurtownia danych

o
A




DATA LAKE vs DATA WAREHOUSE

Data Use cases Data Use cases
AOOY RN =.
ANV bbb e
LWV Ty s
AOON

Structured Busingss Analysts Batch Processing.
unstructured Dota Schentists. Stream Processing, Bl, Reporting

Data Analysts Machine Learming.
Real time snalysis

Raw

Data Lakes contain unstructured, semi structured and structured
data with minimal processing. it can be used o contain
unconwentional data such as log and sensor data

Refined

Diata Warehousas contain highly structured data that is cleaned, pre-processed
and refined. This data is stored for wery specific use cases such as Bi.

Smaller

Drata Warehouwses contain less data in the order of terabytes. In order to
maintain data cleanlimess and health of the warehouse, Data must be
processed before ingestion and periodic purging of data is necessary

Large

Data Lakes contain vast amounts of data in the order of petabytes.
Since the data can be in any form or size, large amaunts of
unstructured data can be stored indefinitely and can be
transformed when in use onky

Undefined Relational

Diata in data lakes can be used for a wide vanety of applications Data Warehouwses contan histond and relational data, such as
X = “ E LU - = L - L. ] .
: ; . n j
such as Machine Learning, Streaming anakytics, and Al & databricks SEATESRCE AN RTINS, £ gat SMMNIS fix

The Databricks
Lakehouse Platform

Unify your data warehousing and Al
use cases on a single platform



https://www.qubole.com/data-lakes-vs-data-warehouses-the-co-existence-argument

Przetwarzanie wsadowe i strumieniowe
Wsadowe S APACHE"(%

Strumieniowe
sromieniowe o §g Kafka. i armazon

niskie opdznienia bo dane sg brane w locie, nie z bazy v Kinesis

Event-driven Streaming Stream & Batch
Applications Pipelines Analytics -
. (Real-time) =Zconfluent
Transactions
Events Application
g -DIIID R INTRODUCING
. . Streaming SQL for
10T Event Log g
— Apache Kafka®
Clicks % . Database,
e )
File System,
> Database, KV-Store
File System, Resources | Storage
KV-Store (K8s, Yarn,...) | (HDFS, S3, NFS, ...)
A



https://flink.apache.org/
https://www.confluent.io/blog/ksql-streaming-sql-for-apache-kafka/




Proces ETL

Data Warehousing

Extract,

Transform, and
Load process

The ETL Process Explained

V-

Extract Transform Load

Retrieves and verifies data
from various sources

Moves transformed data
to a data repository

Processes and organizes
extracted data so it is usable

Visualization

Data Warehouse
Reporting

9
252

Business Intelligence

(e

DATA WAREHOUSE

(% FEAST

The Most Popular Open Source Feature Store

=

Magazyny danych




Standardowy proces analizy danych

Data Analysis Process
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Miedzybranzowy proces drazenia danych
C R I S P_ D M ang. CRoss-IndyStry Process for Data Mining
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