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O coBmecTHOM npoekTe blI'Y n OvGU

e cyuecteyet c 2005 .

® KypcC no BblIGOPY OCHOBaHHbIE HA MaTepuanax QUCUUNIIMHbI YNTaeMon Ha dakynbTeTe MaTeMaTUKn
OvGU “BeedeHue e onmumu3sauyuro” ot npodeccopa donbkepa Kanbens c nocnegyrowien caademn
9K3aMeHa

HeaenbHble Noe3aku Ans CTyAeHToB

NEeTHANA NpakTMkKa

oby4yeHune B maructpartype OvGU

BU3UTbl HEMELIKMX npodheccopoB

oby4eHune Ha Kypcax HeMeLKOro sa3blka Ha 6a3e MexaHuUKo-MaTeMaTuveckoro akynsreTa ¢
npenogasatenem n3 DAAD
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Yyeba

MOXHO BpaTb AMCUMNNKUHBI C daKynsTeTa MateMaTukn 1 ¢ pakynsreTa MHAOOPMATUKM
BO3MOXHOCTb 6ecnnaTHoe noceLleHne s3bIKOBbIX KYPCOB MO HEMELKOMY A3bIKY

3a KaXkabll 9k3aMeH gaetca 6 unun 9 kpeauTos (B 3aBUCUMOCTM OT KONIMYeCTBa nap B HEQESHO)
3a ceMecTp Hago HabpaTtb 30 KpeanToB

CeEMUHapbI

HeT yyeTa nocewaemMocTu

OLIEHKa Ha 3K3aMeHe (Kak NpaBuIio) He 3aBMUCUT OT YCNEBAaEMOCTU B TEYEHME CeMecTpa

Ha HEKOTOPbIX AUCUMMNITIMHAX NPOBOASAT NPOMEXYTOUYHbIE 3K3aMEHbl KOTOPbIe BIINAKOT Ha OONYCK K
9K3aMeHy

AO0MNYCK K 9K3aMeHY MOMMMO 3TOro MOXET 3aBMCETb OT NPOLIEHTa COaHHbIX 3a4aHumn

e OTCyTCTBME 0BA3aTENbHbIX AUCLMMINH
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dakynbTeT MaTeMaTuKu

A3bIK ANCUMNINH. B OCHOBHOM HEMELIKNN
AJOoMallHee 3adaHne caaBaTtb HE HY>KHO, HO HY>XKHO ﬂ,eﬂaTb:)
9K3aMeHbl B OCHOBHOM YCTHbIE
MHCTUTYThI
o WHCTUTYT MaTeMaTU4YeCKou onTuMmn3aunm
o MHCTUTYT CTOXaCTUKHN
o MHCTUTYT anrebpbl 1 reomeTpumn
o MHCTUTYT aHanmaa n YNCneHHbIX MeToaoB
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Vorlesungszyklus Volker Kaibel:

Wann | Titel SWS | Zielgruppe
KO | WS Einfihrung in die Optimierung 4+2 | B3
K1 | WS Kombinatorische Optimierung 442 B5, M1
K2 | SS Ganzzahlige Optimierung 3+1 B4,B6,M2
K3 | WS Geometrische Methoden der D.O. | 4+2 | M1
K4 | SS Algebraische Methoden der D.O. | 3+1 M2

Vorlesungszyklus Sebastian Sager:

Wann | Titel SWS | Zielgruppe
SO | WS EinfUhrung in die Optimierung 4+2 | B3
S1 | WS Nichtlineare Optimierung 4+2 | B5, M1
S2 | SS G.-g. nichtlineare Optimierung 3+1 B4,B6,M2
S3 | WS Optimization Methods for ML 442 M1
S4 | SS Algorithmic Dynamic Optimization | 3+1 M2
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Nichtlinear Optimierung

Inhalt

1. Grundlegende Begriffe und Ideen der Nichtlinearen Optimierung
2. Unbeschriankte Optimierungsprobleme
3. Abstiegsverfahren, Konvergenzanalyse und Globalisierung

Newton-, Quasi-Newton- und Newton-Typ-Verfahren
Beschrankte Optimierungsprobleme

Verfahren der projizierten Gradienten
Aktive-Mengen-Verfahren zur Quadratischen Programmierung
Sequentielle Quadratische Programmierung (SQP-Verfahren)
Techniken zur Globalisierung von SQP-Verfahren
Barriereverfahren und Innere-Punkte-Verfahren

Software
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dakynbTeT HPOPMaTUKN

®  A3blK AUCUUNIINH: B OCHOBHOM aHITIMNCKUN
e HYXHO caaTb onpeaeneHHbI NPOLEHT JOMAaLLUHMX 3a4aHun A4 NoSyYeHns 4onycKka K 9K3aMeHy
(kak npaBuno % nnu )
® 3K3aMeHbl B OCHOBHOM MUCbMEHHbIE
e pUMepbI OUCLMNIIVH:
e Swarm Intelligence,
Computational Intelligence in games,
Evolutionary Multi-Objective Optimization
Fuzzy logic, Bayes Networks
Advanced Topics in Machine Learning
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Advanced Topics in Machine Learning

e 515 [onycka K 9K3amMeHy HY>KHO Qverview (reliminary) [OF
BbINO CAaThb % AOMALLHUX 3a4aHIN » Fundamentals of Data Science
W “3aLLUTUTL” MpOeKT » Review of Machine Learning (Block Zero - 16™ April)

» Preprocessing (Block | - 2374 April)
¢ NO uTOraM Kypca caaetca » Model Selection & Evaluation (Block II)

NMUCbMEHHbIN 9K3aMeH > Algorithms

» Kernel machines and SVMs
» Constrained Clustering
» Semi-supervised learning
»flat classification and clustering methods
» hierarchical approaches
» Markov Models
» Application related issues
» Dealing with massive datasets
» Additional Material...

Advanced Topics in Machine Learning - A. Nurnberger  16.04.2020 | 7
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Advanced Topics in Machine Learning

1of
Genre Identification on (a sub-set of)

Gutenberg Corpus*

in Machine Learning

Semester Project for Advanced Topic

Uladzislau Kapustsin Dzmitry Lehusheu Vladimir Malyshko Daniil Sivachenko
Faculty of Mathematics Faculty of Mathematics Faculty of Mathematics Faculty of Computer Science
Onto von Guericke University Ono von Guericke University Otto von Guericke University Otto von Guericke University
Magdeburg, Germany Magdeburg. Germany Magdcburg. Germany Magdeburg. Germany
uladzislau kapustsin@st.ovgu.de dzmitry.lehusheu@st.ovgude viadimirmaly stovgude danil ovgude

L. MOTIVATION

Feature extraction is very important process for data prey
ing. which can give better performance for machine learning
models.It is a process of dimensionality reduction by which an
initial set of raw data is reduced to more manageable groups
for processing. In machine leaming, pattern recognition and in
text processing, feature extraction starts from an initial set of
measured data and builds derived values (features) intended to
be informative and non-redundant, facilitating the subsequent
learning and generalization steps. Feature extraction is related
to dimensionality reduction. In terms of detection of genre of
book an Gutenberg 19th Century English Fiction Book Corpus
(selected 1k) data set we should consider the possibility for
extracting as much relevant features as possible for improving
restlts.

1L DATA SET

The original dataset consists of 996 books of 9 genres
Sca and Adventure, Literary. Love and Romance, Western
Stories, Detective and Mystery, Christmas Stories. Ghost and
Horror, Humorous and Wit and Satire, Allegories. Each book
is represented by an HTML file with paragraphs separated
by < p > tags. After calculating the percentage of class
instances for each class it became obvious that there’s huge
class imbalance (Fig 1). There were even classes with 2 or 5
instances, while other had more than 700.

Some instances from given dataset are meaningless. They
are instances with IDs 465 and 622 which arc just empty As methods for text classification we selected the follow-
files without any text inside. And also ID 904 has too little ing

for any of data. After the < Logistic regressicn
initial research we decided to make data splitting in order to < Rindoia foreit
balance somehow our classes(Fig 2.)

Fig. 1. Class balance in oniginal dataset

- Features connected with text’s sentiment

= Other statistical features connected with text's diffi
culty

- doc2vee embeddings

- SVC
- IvSALL(SVC)

1. CoNcEPT
Firstly according to the nature of the problem we defi-

Concept nitely should apply feature extraction methods. We rep-
« We wanted to try out the following groups of features: resent features using Sentiment analysis, Statistics to
- Features connected with the number of various parts determine readability, complexity and grade level of a

of speech corpus and Part-of-Speech tagging method as well as
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Evolutionary Multi-Objective Optimization

— Some preferences will not be considered as strongly as the DM prefers.

Example: Selecting a wife (here a maximization problem)

Beauty Cooking housewi tidiness RENTIS

fery
Mary 1 10 10 10 6.4
Jane 5 5 5 5 5
Carol 10 4.6
Weights | 0.4 0.2 0.2 0.2
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OK3aMeHbl

® [UNCbMEHHble
O B OCHOBHOM MHOpMaTUKa
O 3a4acTyl OYeHb MOXOXM Ha TO, YTO ObINO HA NPAKTUYECKUX 3aHATUAX
O  Ha HeKoTopble faxe MOXHO BpaTb Lwnapranky pasmepom ¢ A4 ¢ pasfiMyHon NHpopMaumnen ¢ Nekunn
O HYXHO MHOrO cymMTaThb 1 Nopon gaxe 6e3 kanbKynsatopa:)

® VYCTHble

B OCHOBHOM MaTtematuka

OYeHb ApYyXentobHbIN? dopmaT

MOXXHO cCaMOMY BblOMpaTb YTO OTBEYaTb

HUKaKnx 6uneTos (no4Tn)

MOXXHO CAaBaTb Kak Ha HEMELIKOM, TaK U Ha aHrTIMNCKOM

O O O O O
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[OuctaHymoHHOEe oby4eHune

e cuctema ynpasrieHusi obyvyeHmem moodle

® 3aHATUS Kak NpaBuIio MPOXoasaT B Zzoom

® 10 HEKOTOPbIM AUCUMMNIIMHAM BblKNaabiBaOT 3anucuy Nekunm n cnamngbl 4ng aCUHXPOHHOIO N3y4YeHUs
mMaTepuana

® OHJ1TaWH KOHbepeHLMN Mo NMpPakTUYEeCKUM 3aHATUAM

® OHJIarH KOHdbepeHUmMn ona obcyXaeHns matepuana nekuum

® OHNaurH npeseHTauns NPoeKToB
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Grundrisse 1-Raum-Apartment
One bedroom apartment plan
- A =
1,86° | 88° |70 270 8" 1.06°
7
4160 178 4 1L 2,25 :[i 2,25 1L
0 1 2 3 4 5m 0 1 2 3 4 5m

Typ 1, mobliert/ type 1, furnished Typ 2, mobliert/ type 2, furnished
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PUHaHCbI

ApeHpa xunbs
26,5%

OcCTaToK Ha XU3Hb
52,5%

CrtpaxoBka
11,8%

MobunbHasa cBs3b
1,2%

E)xegHeBHble noxodbl B
8,1%
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Cnacnbo 3a BHMMaHue!




