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Kas es esmu?

Darba pieredze:

5 gadu pieredze biznesa procesu
automatizacija izmantojot datu zinatni
Paslaik - Ml izstradataja uznémuma
APPLY

|zglitiba:

Magistra grads datu zinatné un
masinmaciba no Imperial College
London




Kad mes tiekamies?

3. lekcija (18.12.)
Klasterizacija un lemumu koki

6. lekcija (22.01.)
Video apstrades modeli (redigéSana, GenAl)

8. lekcija (05.02.)
Maksliga intelekta risinajumu dzives cikls,

juridiskais reguléjums




Biezakas kltdas un labakie risinajumi majasdarba



Klasterizacija
Clustering



Kas ir klasterizacija?
Lidzigo lietu grupésana
A A




Klasterizacijas pielietojumi

"Miljonu vértie" klasterizacijas  Reali risinajumi Jasu biznesam:
risthajumi o 00 Klientu segmentacija
e .2 Apple FacelD e 1,] Pardosanas datu analize

e & Banku droSibas sisttmas . @ Personalizéts marketings
e [JJ Spotify mizikas atlase

¢ Galvena doma: Tie pasi principi, cita méroga risinajumi



Veikala klientu segmentacija

Premium Klienti (daudz tara/biei) P
&
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Ko més varam darit ar Siem datiem talak?

Reti, bet dargi Premium klienti
e |zveidot atgadinajumu sistemu e |zveidot Tpasu VIP programmu
e  Piedavat ekskluzivus produktus e Piedavat priekSrocibas (agraka piekluve jaunumiem, Tpasi
e  Veidot TpaSus sezonalos piedavajumus pasakumi)
e  Koncentréties uz e-pasta marketingu e Izmantot ka "references klientus" lldzigu klientu piesaistei
e  Analizét, kas kavé biezakus apmekl€jumus e  Analizét vinu uzvedibu, lai saprastu kas padara vinus lojalus
Aktivi aizsargat no konkurentiem
Gadijuma pircéji Lojalie ikdienas klienti
. Identificét problemas - - -
e " : e Izstradat "upselling” stratégijas
e Piedavat "pirma pirkuma" atlaides o .
. o e Piedavat atlaides
e  Veidot popularizacijas kampanas . e
_ v oo _ e \eidot personalizétus ieteikumus
e  Testét dazadus komunikacijas kanalus . . .
R o i L e |eviest lojalitates programmu ar punktu krasanu
e  Aprékinat klientu piesaistes izmaksas pret ieglto pelnu . . R
e Izmantot vinus jaunu produktu testedana



Nekustama Tpasuma segmentacija (2019. g. dati)

Ja izveidotu karti, kur:

V[ [ [
EE’E]IE/E]E e |Indikatora izmérs -
N ¢ 0. platiba m?,
EKUSTAMA IPASUMA TIRGUS CENU INDIKATORS e Indikatora krisa - cena
Vidéja tirgus vértibas cena (EUR/m?) 2
2019. gada marts €/m ,
m/_% /{‘\\g Tad iegiitu klasterus:
A\ /-/\ o000 S
2450002 e == e Rigas centrs
( %—ﬁ / 1463, oo EEH ; l g _ T
R m% I = ' - =" 304 e Jaunie projekti
. 00.00 BNNES e Padomju laika
[

M%Qﬁ Privatmaju rajoni

e —

*
+6,6% Izmainas ménesa laika

(l)))))>>>

[N

Beije= Sekundarais tirgus (dzivokli) g Majas

Jaunie projekti (dzivokli)

Balstoties uz reali notikusajiem darijumiem: Ober HaUS, LatiO, Balsts
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Chicago Crime by Neighborhood

During the 8 weeks ending between March 22nd & May 10th overall reported crime decreased

across the City of Chicago relative to a 3 year average of the same time period.

Updated: 5-18-2020. CPD incident data is not real time. It is available 7 days after an incident
occurs. Neighborhoods with an average week crime of 30 reported incidents or less were excluded.

Map: Loyola University Chicago, Center for Criminal Justice Research, Policy, and Practice *
Source: Chicago Police Department + Get the data « Created with Datawrapper

B Physical Inactivity
B Crime Rate

High

Low High | S TS S T I T N -
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Ko més varam darit ar Siem datiem talak?

Rigas centrs

Identificét potencialas investiciju iespéjas
Veidot premium marketinga materialus
Analizét cenu elastibu

Sekot 1dzi renovacijas projektiem apkartné
Prognozeét vértibas izmainas

Jaunie projekti

Sekot I1dzi blvniecibas tempiem

Analizét pieprasijuma-piedavajuma attiecibu
Identificét potencialas problému zonas
Veidot sadarbibu ar attistitajiem

Prognozét infrastruktiras vajadzibas

Padomju laika ekas

Identificét renovacijas potencialu

Sekot l1dzi siltinaSanas projektiem
Analizét komunalo maksajumu izmainas
Veidot tipveida risinajumus

Prognozét dzivok|u tirgus izmainas

Privatmaju rajoni

Analizét zemes vértibas izmainas
Sekot infrastruktdras attistibai
Identificet apbives potencialu

Veidot ilgtermina attistibas prognozes
Analizét sezonalitates ietekmi
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Produktu pozicionésana tirgu

Veikala produktu portfolio analize: Ko ar $o informaciju darit?
« Ka misu produkti konkuré? e Optimizét cenu stratégijas
o Kurir "tuksas" vietas tirga? e Pielagot marketinga aktivitates

e Planot produktu attistibu

onversions

Wy
oW W\
0 A

< (¢ Q© 13

Brand Importance




Ko ar So informaciju un var darit visos
gadijumos?

2. lzveidot darbibas planu katram klasterim
Noteikt KPI katrai darbibai
4. Veidot automatizétus risinajumus (e-pasti, atlaides)

w

6. Testét dazadas pieejas katram klasterim
7. Merit ROI katrai aktivitatei

14



Vairak neka %D gadijumi

Median House Value by Location

Hsooooo California Housing Prices
42 -
| dataset:
https://www.kagagle.com/data
40 - [400000 - sats/camnugent/california-ho
using-prices
. - 300000 %
|
36 200000 g
34 1 100000
—1I24 —1I22 —1'20 —1I18 —1I16 —1I14 15

longitude


https://www.kaggle.com/datasets/camnugent/california-housing-prices
https://www.kaggle.com/datasets/camnugent/california-housing-prices
https://www.kaggle.com/datasets/camnugent/california-housing-prices

Summary Statistics

longitude latitude housing_median_age total_rooms total_bedrooms population households median_income median_house_value
count 20640.000000 20640.000000 20640.000000 20640.000000 20433.000000 20640.000000 20640.000000 20640.000000 20640.000000
mean  -119.569704 35.631861 28.639486 2635.763081 537.870553 1425.476744 499.539680 3.870671 206855.816909
std 2.003532 2.135952 12.585558 2181.615252 421.385070 1132.462122 382.329753 1.899822 115395.615874
min -124.350000 32.540000 1.000000 2.000000 1.000000 3.000000 1.000000 0.499900 14999.000000
25% -121.800000 33.930000 18.000000 1447.750000 296.000000 787.000000 280.000000 2.563400 119600.000000
50% -118.490000 34.260000 29.000000 2127.000000 435.000000 1166.000000 409.000000 3.534800 179700.000000
75% -118.010000 37.710000 37.000000 3148.000000 647.000000 1725.000000 605.000000 4.743250 264725.000000
max -114.310000 41.950000 52.000000 39320.000000 6445.000000 35682.000000 6082.000000 15.000100 500001.000000
1. longitude: A measure of how far west a house is; a higher value is farther west
2. latitude: A measure of how far north a house is; a higher value is farther north
3. housingMedianAge: Median age of a house within a block; a lower number is a newer building
4. totalRooms: Total number of rooms within a block
5. totalBedrooms: Total number of bedrooms within a block
6. population: Total number of people residing within a block
7. households: Total number of households, a group of people residing within a home unit, for a block
8. medianincome: Median income for households within a block of houses (measured in tens of
thousands of US Dollars)
9. medianHouseValue: Median house value for households within a block (measured in US Dollars)



Tapat varam lietot
klasterizacijas
algoritmus - tie
vienkarsi stradas
daudzdimensiju telpa



Lai vizualizetu sos klasterus
meés uz klasterizacijas
rezultata lietojam dimensiju
redukcijas metodi
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Ir daudz dazadi dimensiju redukcijas algoritmi

PCA SvD UMAP
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KartéSanas (Embedding) izveidoSana

P o FWW
[02]04]05 (07 |a2[os[0s]0s]
Audio Vector
Audio Audio model Embeddings

......

aloalosloclo: B
-mmmmm

Text Vector

Text Texts model Embeddings

me
—lp o2 inx lor laalas laalsal
52t e o for foz] baas s

Video Vector

Videos Videos model Embeddings
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Ka strada FacelD?

FaceNet

(0.112\

0.067
0.091
0.129
0.002
0.012
0.175

\0.(;23 )
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Tiesi tapat ar audio datiem!

* Green frames represent target speaker. Red frames are furthest away from target speaker.
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Ko dara Spotify?

Spotify API

|

[COHect Data

M

Top Popular
Songs in Japan

Exploratory
Data Analysis

JKT48 Songs

Get Audio
Features

Get Audio
Features

Get Audio
Features

Cluster
Model

Cluster
Model

Cluster
Model

25



Ir daudz dazadi klasterizacijas algoritmi

MiniBatch Affinity Spectral Agglomerative Gaussian
KMeans Propagation MeanShift Clustering Ward Clustering DBSCAN HDBSCAN OPTICS BIRCH Mixture
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K-means algoritma darbiba

AN neptune.ai




1. Izvélamies klasteru skaitu
2. Nejausi inicializéjam klasteru centrus

AN neptune.ai




3. Katram datu punktam pieSkiram vienu no centriem
(tuvako pec kadas metrikas)

Biezi izmanto eiklida distanci! (Ir daudz citu)

AN neptune.ai




leprieks€ja sola rezultats:

AN neptune.ai

Age
Group




4. Aprékinam jaunus klasteru centrus

To daram izrékinot katra izveidota
klastera viduspunktu

AN neptune.ai




5. Atkartojam 3. un 4. soli vairakas reizes

AN neptune.ai




Praktiskais darbs



Interactive

Parameters

W Process

~rbosity init

v > v . Views: Design Results Turbo Prep Auto Model Analysis
epository Process
& Import Data =~ @ Process » JORSCIIE TN Nzl
W Training Resources (connected) A (53 @ Altair RapidMiner Marketplace
we Community Samples (connected)
samples Inp Select components to install and update below. Updates to Al Studio will always be installed globally. Any global update requires administrator privileges,
both during the update and the subsequent restart.

¥ gdata

. Deals

. Deals-Testset Search Updates Top Downloads Top Rated

® Try (Multiple
H Goif operator Search fyiMulike)
Changes 2.18.0 (2024-09-26)
H Golf-Testset Retri Custom Operators 1.2.2 ol . . § ) . §
o s This extension allows to build new @ *Group Into Collection is now throwing a proper error message if the group by attribute is not available.
‘ operators out of processes without any ® Removed the Fuzzy Matching Operator (This is moved into its own extension)

M Labor-Negotiations
M Market-Data

M Polynomial

M Products

M Purchases

M Ripley-Set

M sonar s 3
] >

perators

v

nme X

Blending (3)
¥ [ Attributes (2)
¥ [ Generation (2)
74 Generate Concatenation
:‘; Generate Aggregation
¥ [ Table (1)
¥ [ Joins (1)

@ Append

AA

coding and bundle them into extensions.
Not installed

Operator Toolbox 2.18.0

Operator Toolbox Extension: This
extensions couples a bunch of useful
additonal operators together.

© Marked for installation

Admin Tools 3.0.3

Admin Tools: this extension provides
administration related operators.
Not installed

Altair Compose 1.0.1
The Altair Compose extension integrates
Al studio for ML/Al enthusiasts to perform
a wide variety of math operations including
linear algebra and matrix manipulations,
statistics, differential equations, signal
processing, control systems, polynomial
fitting, optimization and perform
engineering calculations on first principles
with pre- and post-process data to import
and manipulate data for physical testing
and CAE.

Not installed

Altair Monarch 1.0.0

® extract Macro Format can now also extract medians

® Adding four new functions to the expression parser: base64decode, base64encode,
geographic_distance and system_properties.

Changes 2.17.0 (2023-10-26)

® * Adding an option to SMOTE to not append to the original data set but only return artificial examples.

® Changed the role of the id attribute introduced in 2.16 in Generate Session id to metadata, not id
anymore because this would drop other ids. Added Compability levels so that you still get the old
behaviour for old processes.

® Added an error message for Generate Session ID if there was already an id present.

Version 2.16.0 (2023-08-23)

® Added an operator Subset Modeling, which allows you to build one meta model on subsets of the same
data set.

® Adding a new operator Loop (While) which allows a while loop with an expression based break criterium.

Version 2.14.0 (2022-08-25)

® New operators: Base64 to Image and Image to Base64

® Allows to transform image file objects into base64 encoded strings and back
® New operator: Log Operator Runtimes

® Allows to log the runtimes of all operator executions within a process
® Enhancements:

@ List Repository Objects now returns the size of the object and the access
rights for legacy server repositories

® Updated the version of the yahoo finance lib to fix a bug which only appears for US Ips
Version 2.13.0 (2022-02-23)

Go to extension hom:

“ Install 1 packages

how advanced parameters
hange compatibility (10.5.000)

Process
Al Studio Core

v psis
oot operator of every process.

K close  ription

No results were found.

I

minis operator provides a set of parameters tha

global relevance to the process like logging anc
initialization of parameters of the random nur
generator.

Input

-
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Uzdevums

3.2. Implementet dimensiju samazinasanas un klasterizacijas modeli
Istenot klasterizacijas modeli dzivnieku datu kopai, krasot klasterus péc "sugas". Rezultatus attélot, izmantojot PCA, t-SNE vai UMAP

2D. Izmantot Altair RapidMiner Al Studio, Knime, Weka vai BigML (tieSsaisté). Parliecinieties, ka funkcijas tiek iestatitas ar pareiziem
datu tipiem. lesniedziet klasteru rezultatu ekranuznémumus.
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Lemumu koki
Decision Trees

36



Kas ir lemumu koki?

Logisko jautajumu seciba, kas noved pie [Emuma

Ikdienas piemérs: Klienta apkalposanas shéma i
ort

e "Vai klients ir registréts?"
e "Vai pirkums > 100€?"
e "Vaiir bijusas stdzibas?"  lamotsqueak

Can squeak

Might be a
squirrel Might be a rat

On land

Might be a rhinoceros

Root

Short neck

Tall

In water

Might be a
hippo

Long neck

Might be an elephant

Long nose Might be a giraffe

37



Leémumu koka struktura

Sakne (Root) - sakuma
jautajums oot
Mezgli (Nodes) - papildus

jautajumi

Lapas (Leaves) - gala |Emumi

Zari (Branches) - atbildes kot squeak
"Ja/Né" vai vértibu diapazoni

Cansqueak  Short neck Long neck

Might be a

Long nOse Might be a giraffe
squirrel Might be a rat

On land In water

Might be an elephant

Might be a

Might be a rhinoceros H
ippo 38



Klasterizacija vs Kategorizacija

Klasterizacija: Kategorizacija:

e Grupé lidzigos objektus e Pieskir kategoriju

e Nezinamas grupas e Zinamas grupas

e Balstas uz attalumiem e Balstas uz pazimem

e "Atrod struktidru datos" e "Macas no piemériem"
Klientu segmentésana péc Klienta riska Iimena noteikSana

uzvedibas

39



Kur izmanto lemumu kokus?

PRODUCT DECISION TREE

Klientu analize:

e Aizejoso klientu prognoze
e Kreditriska nove rtéj ums Design new product or Enhance
° Kl ientu Seg mentéCija existing product or Do nothing

Operaciju optimizacija:

e Kvalitates kontrole
e Procesu automatizacija

e Resursu planosana gl
65% chance of 35% chance 75% chance of 25% chance
M é rketl n g S. M "’ea.‘fl.ij%ma"d | store demand weak demand
' Kampar;]u efektiVitéte 65 X S25M) + (0.35 X -S5M) - S10M = $4.5M @ \075){53\53.,5]55& S1M) - SOM =
e Meérkauditorijas atlase
e Kanalu optimizacija $10 $3

40



PriekSrocibas un trakumi

PriekSrocibas:

Viegli saprotams rezultats

Labi vizualiz&jami

Skaidri |Emumu Kritériji

Var kombinét dazadu tipu datus

X Trikumi:

e \ar parmacities (overfit)

e Nestabili pret izmainam

e Grati modelét sarezgitas
attiecibas datos

e Neprecizi ar |oti lielam datu
kopam

41



Popularakie algoritmi, lai veidotu lemumu kokus

ID3:
e Pamata algoritms
e Strada ar datiem kategorijas
e Izmanto entropiju
C4.5:
e |D3 uzlabojums
e Strada arT ar skaitliskiem datiem
e Labaka trikstoSo véertibu apstrade
CART:
e Binara dalisana
e Labi strada ar skaitliskiem datiem
e Populars modernajas bibliotékas

Features ID3 C4.5 CART
Type of data Categorical | Continuous and continuous and
Categorical nominal
attributes data
Speed Low Faster than ID3 Average
Boosting Not supported | Not supported Supported
Pruning No Pre-pruning | Post pruning
Missing Values| Can’t deal with | Can’t deal with [Can deal with
Formula Use information | Use split info Use Gini

entropy and
information Gain

and gain ratio

diversity index

42




Citas kategorizacijas metodes

1. Random Forest:

¢ DaUdZU Iémumu kOkU Single Decision Tree ® Random Forest
"mezs" (apvienojums) e ° g‘ %
e Labaka precizitate ® 6o 600 \/ ;.ass;a\
e Stabilaki rezultati e 00 6c¢
2. XGBoost: O P i
e Gradientu pastiprinoSie kokr | ©0 06009

e Atraks un precizaks © 0O © 0 O

e Industrijas standarts
(State-of-the-Art)
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|ID3 algoritma darbiba

Decision 1

Attribute with
highest information
gain given A

Decision 2

Attribute with
highest information
gain

Decision 1

Decision 1

Attribute with
highest information
gain given C

Decision 2

Merkis: Izveidot
visvienkarsako koku
|lzmanto entropiju
informacijas méerisanai
|zvélas labako daliSanas
pazimi katra soli

44



Entropija un informacijas pieaugums

e Entropija = nesakartotibas mérs &
e Information Gain = entropijas EntrOpy — Z —pi*lng (pz )
samazinajums i=1

e Merkis: maksimizét Information Gain
Gain(T.X) = Entropy(T') — Entropy(T.X)

G(PlayGolf, Outlook) = E(PlayGolf) — E(PlayGolf, Outlook)

= 0.940 - 0.693 = 0.247
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Entropija un informacijas pieaugums aprékina piemérs

Laikapstakli Spélét = == = T .
. Sakotneja entropija (visa datu kopa)
Saulains Ja e Kopa: 8 gadijumi
e "Ja": 3 gadijumi

Saulains Né e "N&": 5 gadijumi
Saulains Ne Entropy = -P(Ja)xlog:(P(Ja)) - P(N&)xlog:(P(N&))
Makonains Ja e P(Ja)=3/8=0.375
Makonains 15 o P(N&)=5/8=0.625
Listus NG E = -(0.375 x log:(0.375)) - (0.625 x log=(0.625))

E = -(0.375 x (-1.415)) - (0.625 x (-0.678))
Lietus Né E = 0.530 + 0.424

E = 0.954 biti

Lietus Né



Entropija un informacijas pieaugums aprékina piemérs

Laikapstakli tSP_é'éE, Entropija katrai laika kategorijai
enisu ¢
Saulains J5 Saulains (3 gadijumi)
_ ) o "Ja" 1
Saulains Né o« "N&" 2
_ _ e E(Saulains) = -(1/3 x log:(1/3)) - (2/3 % log:(2/3))
Saulains Neé e  E(Saulains) = 0.918 biti
Makonains Ja Makonains (2 gadijumi)
Makonains Ja o "Ja"2
e "N&"0
Lietus Née e  E(Makonains) = -(1 x logz(1)) - (0 x log:(0))
e E(Makonains) = 0 biti
Lietus Né
Lietus (3 gadijumi)
Lietus Né

. llJéll: O

e "Né"3

e E(Lietus) =-(0 x logz(0)) - (1 x logz(1))
e E(Lietus) =0 hiti



Entropija un informacijas pieaugums aprékina piemérs

Laikapstakli

Saulains
Saulains
Saulains
Makonains
Makonains
Lietus
Lietus

Lietus

Spélet
tenisu?

Information Gain aprekins

IG = Sakotnéja_Entropija - Z(P(kategorija) x E(kategorija))

P(Saulains) = 3/8
P(Makonains) = 2/8
P(Lietus) = 3/8

IG=0.954 - (3/8 x0.918 + 2/8 x 0 + 3/8 x 0)
IG = 0.954 - 0.344
IG = 0.610 biti

Secinajums

Information Gain = 0.610 biti

Sis nozimé, ka, zinot laika apstak|us, més samazinam nenoteiktibu par 0.610 bitiem
Jo lielaks Information Gain, jo labak pazime sadala datus
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ID3 soli pa solim
Solis: Sakotnéja entropija

e Aprékinat klasu proporcijas
e Aprékinat kopéjo entropiju

Solis: Pazimju novértéSana

e Aprékinat Information Gain katrai pazimei
e |zvéEléties labako dalisanas pazimi

Solis: Koka buvésana

e Sadalit datus péc izvélétas pazimes
e Atkartot procesu katram zaram
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gain

Attribute with
highest information

Decision 1

Attribute with
highest information
gain given A

Decision 2
» Decision 1
Decision 1
Attribute with
highest information
gain given C
G Decision 2
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Praktiskais darbs



Uzdevums

3.3. Implementet lemumu pienemsanas koka modeli

Istenot Iemumu pienemsanas koka modeli pardo$anas datiem, lai prognozétu "Customer Type'". Izmantot Altair RapidMiner Al Studio,

Knime, Weka vai BigML (tieSsaist€). Parliecinieties, ka funkcijas tiek iestatitas ar pareiziem datu tipiem. lesniedziet leEmumu koka
rezultatu ekranuznémumus.
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Laba prakse: Kad izmantot IEmumu kokus?

Ideali piemeéroti kad:

e NepiecieSami skaidri, interpretéjami rezultati
o Kredita pieskirSana (javar izskaidrot

klientam)

o Mediciniska diagnostika (javar pamatot
arstam)

o Riska novértéjums (javar izskaidrot
vadibai)

e Datiir jaukta tipa
o Gan skaitliski (vecums, summa)
o Gan kategoriali (dzimums, pilséta)
o Gan binari (ja/né)
e Vajadzigi atri lemumi realaja laika
o Klientu apkalpoSanas sistémas
o Automatizétas atbildes
o Reallaika cenu noteikSana

Nav ieteicami kad:

NepiecieSama |oti augsta precizitate
Dati ir |oti trokSnaini

Attiecibas datos ir [oti kompleksas
Datu kopa ir [oti maza
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Laba prakse: Ka izvairities no parmacisanas (Overfitting)?

1. Koka dziluma ierobezosana
o Noteikt maksimalo dzilumu
o lerobezot minimalo instanCu skaitu lapa
o lerobezot minimalo instanCu skaitu dalisanai
2. ApgrieSana (Pruning)
o Pre-pruning: apturét augsanu péc kritérijiem
o Post-pruning: apgriezt pé&c apmacibas
3. Ansamblu metodes
o Random Forest
o Bagging
o Boosting
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Lémuma koka apgrieSana (Pruning)

e (@ Noveérs parmacisanos e || Uzlabo visparinaSanas sp€jas
e 4 Paatrina lemumu pienemsanu e [E5 Samazina klGdas uz jauniem datiem

An Unpruned Decision Tree A Pruned Decision Tree
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Laba prakse: Ka validét rezultatus?

Kvantitativa validacija: Kvalitativa validacija:

1. Precizitates mérijumi 1.  Biznesa logikas parbaude
o  Accuracy (kopé&ja precizitate) o Vailémumi ir logiski?
o Precision (cik precizi pozitivie) o  Vai rezultati atbilst eksperta
o  Recall (cik daudz pozitivo zinaSanam?
atrasts) o  Vaiir neparedzétas
o  F1 score (precision un recall blakusparadibas?
balance) 2.  Feature importance analize
2. Kludu analize o Kuri faktori ir vissvarigakie?
o  Confusion matrix o  Vaitas atbilst biznesa
o ROC curve izpratnei?
o  Precision-recall curve 3. Edge case analize
3.  Stabilitates testi o  Ka modelis uzvedas
o  K-fold cross validation ekstremos gadijumos?
o  Train-test splits o  Vaiir neparedzétas
o  Time-based validation uzvedibas?

Praktiskas parbaudes:

1.

2.

A/B testésSana

o

@)

O

Maza méroga
Kontroléta vidé
Ar skaidriem mérijumiem

Monitorings produkcija
Regulara rezultatu parbaude

o

@)

O

Alertu sistéma anomalijam
Periodiska parapmaciba
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Boosting and Bagging
Random Forests and XGBoost



Boosting and Bagging

Bagging Boosting

Parallel Sequential



Bagging
e Bootstrap Aggregating

o= emm == o=

= Bagging ’ .
e "Daudzu viedoklu ! :
apkoposana” '
e Vairaki modeli balso : :
par gala rezultdtu | poto —m—t '
e Lidzigi ka ekspertu '

[
komisija \

|

'

I
I
! Bootstrap || del " Aogreqation
| it Models 17377
'\ samples | ||\ 4 Vo‘t?ng
\
/

N
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Bagging darbibas princips

e |zveidojam vairakas
datu kopijas

e Katrai kopijai
apmacam savu modeli

e Apkopojam visu
modelu rezultatus

e Pienemam gala
|@mumu balstoties uz

vairakume

Original Data

Bootstrapping

v
066D
00000

Classifier

Ensemble Classifier Bagging
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Bagging piemérs dzive
& Majas pirk3ana:

Konsultéjamies ar nekustamo TpaSumu agentu
Run&jam ar banku

Prasam bdvniekam

Aprunajamies ar draugiem

Pienemam Iémumu balstoties uz visiem viedokliem

61



Bagging piemérs ar datiem

1. Originalie dati (1000 klienti) Random Forest - Popularakais Bagging
2. lzveidojam 3 datu kopijas ar pielietojums

sajaukSanu (ieraksti var atkartoties)

o RN :
a. Kopija 1: 1000 nejausi izvéléti klienti Baggmg Lémumu koki

b. Kopija 2: 1000 nejausi izvéléti klienti e Katrs koks redz:
c. Kopija 3: 1000 nejausi izvéléti klienti o NejauSu datu izlasi
3. Apmacam modeli katrai kopijai o Nejausu pazimju izlasi

4. Apvienojam rezultatus e "Mezs" pienem Iémumu kopa



Bootstrap Sampling

Original Dataset (1000 records)

Sample 1 Sample 2 Sample 3

1000 records 1000 records 1000 records

Prieksrocibas:

v Saglaba datu sadalijumu

v Katrs modelis redz visu datu diapazonu
v Variacija caur atkartojumiem

v Labaka noturiba pret outlier datiem

v Mazak jutigs pret datu zudumiem

Subsetting (Apakskopas)

Original Dataset (1000 records)

Subset 1 Subset 2 Subset 3
333 records 333 records 334 records

lerobezojumi:
| Katrs modelis redz tikai dalu datu
| Var zaudét svarigus modelus
| Mazak stabili individualie modeli
| Gritak apstradat nevienmérigus datus
| Lielaka jutiba pret datu kvalitati

63



Bagging prieksrocibas un salidznajums ar vienu model

Uzlabo precizitati:

e Samazina parmacisanos
e Stabilaki rezultati
e Mazak jutigs pret trokSniem datos

Praktiskie ieguvumi:

e Viegli parallelizéjams

e \ar apstradat lielas datu kopas

e Samazina risku pienemt nepareizu
|Emumu

Viens liels modelis:

Atraka apmaciba

e Vieglak interpretét

e Lielaks risks kltdities
Bagging:

e Precizaks

e Stabilaks

e Mazak jutigs pret klidam

e Prasa vairak resursus
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Boosting

e Pirmais koks - pamata prognozes

Otrais koks - labo pirma klidas @®Ce
Tresais koks - labo atlikuSas

klGdas

...un ta talak

0 e
00% 0% 0% @,
O @
0e 090 ¢ '® o
.. ..
Original Data Weighted data
v v
000 000
000 oY I JO
X 0000 | [x 0000
el I I I 0000
'] 1@ @O000e

— >

®
Qos e
O

Weighted data

Y 900
000

X 0000
00000

00000

Ensemble
Classifer
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Boosting piemérs

tree1
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Boosting piemeérs

Koks #1: Koks #2: Koks #3:
e Prognoze: 100€ e Fokuséjas uz +50€ e Fokusg€jas uz atlikuso
e Realais: 150€ klGdu klGdu
e Kluda: +50€ e Pievieno korekciju e VEél precizaka prognoze
Pirmais koks - Otrais koks - Tresais koks
Prognoze: 100€ Korigé par +30€ Korigé par +15€
Klada: +50€ Atlikusi klada: +20€ AtlikusT kloda: +5€
é N

Gala rezultats
100€ + 30€ + 15€ = 145€

(Tuvu mérka vértibai 150€)




XGBoost (eXtreme Gradient Boosting)

Industrijas standarts
Atraks un precizaks
Automatiski novérs parmacisanos

e Atrums

e Paraléla apstrade
e Optimizéti aprékini

@ Precizitate

e Uzlabots boosting
e Labaka regularizacija

X Pielagojamiba

e Daudz parametru
e Var optimizét péc vajadzibas
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XGBoost darbibas princips
Sakotneja prognoze Jaunu koku pievienoSana
o Vienkarss bazes modelis

L . . Katrs fokuséjas uz klidam
« Pirma aproksimacija

« Pakapeniski uzlabo precizitati

KlGdu aprékins
dn apret Regqularizacija

« Cik talu no merka?

Kur vajag uzlabot? « Novérs parmacisanos
® =

« Kontrolé koku sarezgitibu
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Majasdarbs

3.4. Implementet klasterizaciju ar PCA un Lemumu koku

e Izmantojot Al Studio veikt klasterizaciju uz PCA 2D ipasSibam ar Iris datu kopu, nenemt véra “spieces”.
e  Atkartot eksperimentu bez PCA sola ar visam 4 input vertibam.
e Izmantojo laika apstaklu datu kopu izveidojat Iemumu pienemsanas kokus iek$ Al Studio
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