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DSA-CL Ill course overview

What is Data Structures and Algorithms for Computational Linguistics 117
* An intermediate-level survey course
* Programming and problem solving, with applications

- Data structure: method for storing information
- Algorithm: method for solving a problem
« Second part focused on Computational Linguistics

Prerequisites

- Data Structures and Algorithms for CL |
- Data Structures and Algorithms for CL Il
* Module: ISCL-BA-07, Advanced Programming
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DSA-CL Ill course overview

 Lecturers
- Corina Dima
- Cagn Coltekin
 Tutors
- Kevin Glocker
- Teslin Roys
 Slots
- Monday 10:15 — 11:45 (lecture)
- Wednesday 10:15 — 11:45 (lecture)
- Friday 8:15 — 12 (lab)
» Course website: https://dsacl3-2019.qithub.io
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Coursework and grading

* Reading material for most lectures
* Programming assignments: 60%

- 2 ungraded introductory assignments
- 6 graded assignments, one every 2 weeks
- 60% of the grade: the best 5 assignments

- Graded assignments due every other Monday, 11pm, only via electronic submission
(GitHub Classroom)

- Collaboration/lateness policy: see web
* Written exam: 40%

- Midterm practice exam 0%
- Final exam 40%
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Honesty Statement

 Feel free to cooperate on assignments that are not graded
« Graded assignments must be your own work. Do not:

- Copy a program (in whole or in part)
- Give your solution to a classmate (in whole or part)
- Get so much help that you cannot honestly call it your own work
- Receive or use outside help
 Sign your work with the honesty statement (provided on the website)

» Above all: You are here for yourself, practice makes perfect

UNIVERSITAT
TUBINGEN
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Organizational issues

 Presence

- A presence sheet is circulated purely for statistics

- Experience: those who do not attend the lectures or do not make the assignments end
up failing the course

- Do not expect us to answer your questions if you were not at the lectures
 Office hours

- Office hour: Wednesday: 14:00-15:00, please make an appointment!

- Please ask your questions about the material presented in the lectures during the
lectures — everyone benefits

- Solutions to the assignments will be discussed after the lab deadline has passed
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Registration

* Do the first assignment, 4, (see website), until October 23rd

« Walk-through: work on an assignment with GitHub Classroom
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Resources (textbooks) — required reading ——

& Algorithms

» Data Structures & Algorithms in Python by Michael Goodrich, Roberto
Tamassia and Michael Goldwasser, 2013, Wiley

- available in the university network:
https://ebookcentral.proquest.com/lib/unitueb/detail.action?doclD=4946360

« Speech and Language Processing, Dan Jurafsky and James Martin, 2nd
Edition, 2008, Prentice Hall

- Draft chapters of the 3™ edition available
- See https://web.stanford.edu/~jurafsky/slp3/

« Dependency Parsing, Sandra Kubler, Ryan McDonald and Joakim Nivre, 2009,
Morgan and Claypool

Sandra Kiibler
an McDo
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Resources (web)

* Book site for the first part of the class: http://bcs.wiley.com/he-
bcs/Books?action=index&bcsld=8029&itemId=1118290275

 Source code WILEY bbpt Gonti
Goodrich, Tamassia, Goldwasser:

Data Structures and Algorithms in Python

 Hints for solving exercises

Home Browse by Chapter Browse by Resource « More Information «

Welcome to the Student Companion Site for
Data Structures and Algorithms

in Python

Welcome to the Web site for Data Structures and Algorithms in
Python by Michael T. Goodrich, Roberto Tamassia and Michael H.
Goldwasser . This Web site gives you access to the rich tools and
resources available for this text. You can access these resources in
two ways:

1 Using the menu at the top, select a chapter. A list of resources
available for that particular chapter will be provided.

2 Using the menu at the top, select a resource. This will allow
you to access a particular resource section. You will then have
the option of selecting resources within the section or going
directly to a specific chapter.
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Why Study Algorithms?

Their impact is broad and far-reaching.

Internet. Web search, packet routing, distributed file sharing, ...

Biology. Human genome project, protein folding, diagnosis, ...

Computers. Circuit layout, file system, compilers, ...

Computer graphics. Movies, video games, virtual reality, ...

Security. Cell phones, e-commerce, voting machines, ...

Multimedia. MP3, JPG, DivX, HDTV, face recognition, speech recognition, ...
Social networks. Recommendations, news feeds, advertisements, ...

Physics. N-body simulations, particle collision simulation, ...

Google
biINg
YaHoO!

e ]
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Write text? (soon)

* OpenAl GPT-2, a transformer- B
based language model, A e e oo et oo
generates text samples in ' ,' T S o () i e e i iy CHES i
response to a sample input that MACHINE- ot o O o 1o sctonce . Verwhite unicorns were
is human-written :
It is able to adapt to the style and
the content of the provided La Paz, ‘and several companions, were exploring the Andes Hauntains

when they found a small valley, with no other animals or humans.
E;EirT1F)|€3 Pérez noticed that the valley had what appeared to be a natural

. fountain, surrounded by two peaks of rock and silver snow.
Trained on 40GB of Internet text

Now, after almost two centuries, the mystery of what sparked this
odd phenomenon is finally solved.

Pérez and the others then ventured further into the valley. “By

ObjeCtIVG _ predICt the next WOrd the time we reached the top of one peak, the water looked blue,

with some crystals on top,” said Pérez.

Pérez and his friends were astonished to see the unicorn herd.

given all the previous words in
These creatures could be seen from the air without having to move
ESC)fT]EB tEB)(t too much to see them - they were so close they could touch

M their horns.
While examining these bizarre creatures the scientists discovered

httDS//ODena|Com/bIOQ/better— that the creatures also spoke some fairly regular English. Pérez

stated, “We can see, for example, that they have a common

Ianquaqe_models/ ‘language,’ something like a dialect or dialectic.”
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Why Study Algorithms?

« They are instruments for developing new
research

The computer — your Virgil in the world of atoms

Chemists used to create models of molecules using plastic balls and sticks.
Today, the modelling is carried out in computers. In the 1970s, Martin
Karplus, Michael Levitt and Arieh Warshel laid the foundation for the
powerful programs that are used to understand and predict chemical
processes. Computer models mirroring real life have become crucial for most

Martin Karplus Michael Levitt Arieh Warshel advances made in chemistry today.

Prize share: 1/3 Prize share: 1/3 Prize share: 1/3

The Nobel Prize in Chemistry 2013 was awarded
jointly to Martin Karplus, Michael Levitt and Arieh
Warshel "for the development of multiscale models
for complex chemical systems."
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Why Study Algorithms?

» ltis a profitable endeavor

’
‘ amazon GO gle facebook:

||||||||
]

[
1T
..lli
1L
®@

orACLE  YAHOO! B Microsoft '*‘ Walmart
Adobe
(intel) Y NETFLIX ebay
TEELS | i
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What is Ahead?

Lecture schedule

The course plan is subject to change.

Week Monday (lecture) Wednesday (lecture) Friday (lab)
Oct 21 Oct 23 Oct 25
01 Introduction & Language Analysis of Algorithms Introduction to Python,
Guessing Assignment 0.1 (ungraded)
Oct 28 Oct 30 Nov 1
02 Sorting: Insertion Sort & Priority Queues, No class
Quicksort Binary Heaps & Heapsort
Nov 04 Nov 06 Nov 08
» String Distance Measures Tries Graded Assignment 1
Nov 11 Nov 13 Nov 15
04 Undirected Graphs Undirected Graphs (cont’d) Graded Assignment 1
(cont’d)
05 Nov 18 Nov 20 Nov 22
Directed graphs Directed graphs (cont’d) Graded Assignment 2
Nov 25 Nov 27 Nov 29
06 Minimum Spanning Trees Shortest Paths Graded Assignment 2
(cont’d)

EBERHARD KARLS
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What is Ahead? (cont’d)

EBERHARD KARLS
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07 Dec 02 Dec 04 Dec 06
Graded Assignment 3
Dec 09 Dec 11 Dec 13
08 Graded Assignment 3
(cont’d)
09 Dec 16 Dec 18 Dec 20
Graded Assignment 4
Sem.
break No class No class No class
Jan 06 Jan 08 Jan 10
10 No class Graded Assignment 4
(cont’d)
1 Jan 13 Jan 15 Jan 17
Graded Assignment 5
Jan 20 Jan 22 Jan 24
12 Graded Assignment 5
(cont’d)
13 Jan 27 Jan 29 Jan 31
Graded Assignment 6
14 Feb 03 Feb 05 Feb 07
General Summary/Q&A Discuss Practice Exam Exam

Introduction & Language Guessing| 15



Complexity

exponential

f(n) =nlogn
linearithmic

.
!
-----

.
.

ssss

f(n) =1
constant
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Bundesarchiv, Bild 183-22350-0001
Foto: Junge, Peter Heinz | 20. November 1953

https://en.wikipedia.org/wiki/File:Bundesarchiv_Bild_183-22350-0001, Berlin, Postamt O 17, P%C3%A4ckchenverteilung.jpg
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Priority Queues

Operation Return Priority Queue
Value

P.add(5,A) {(5,A)}
P.add(9,C) {(5,A), (9,0)}
P.add(3,B) {(3,B),(5,A),(9,C)}
P.add(7,D) {(3,8B),(5,A),(7,D),(9,C)}
P.min() (3,B) {(3,8),(5,A),(7,D),(9,C)}
P.remove_min() (3,B) {(5,A),(7,D),(9,C)}
P.remove_min() (5,A) {(7,D),(9,C)}
len(P) 2 {(7,D),(9,C)}
P.remove_min() (7,D) {(9,C)}
P.remove_min() (9,C) {}
P.is_empty() True {}
P.remove_min() “error” {}

RRRRRRRRRR
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Binary Heaps root node

last node
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Tries

« Example: standard trie for the set of strings S = { bear, bell, bid, bull, buy, sell, stock, stop }
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Undirected Graphs
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Figure 2 Co-authorship graph of NIMCS and related research. Nodes represent authors; edges represent co-authorship. Graph layout uses the
ForceAtlas2 algorithm. Clusters are calculated via Louvain modularity and delineated by color. Frequency of co-authorship is calculated via
Eigenvector centrality and represented by size.

Image from Alex Garnett, Grace Lee and Judy llles. 2013. Publication trends in
neuroimaging of minimally conscious states. Peerd.
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Directed Graphs
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Finite State Automata

EBERHARD KARLS
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States are represented as
nodes

Transitions are shown by
the edges, labeled with
symbols from an alphabet

One of the states is marked
as the initial state

Some states are accepting
states

accepting state

credit: introduction to finite state automata by C. Cdltekin
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Parsing

dobj
nmod }

= =l =)

I prefer the morning flight through Denver
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Input buffer
w1 w2 wn
o | -
o . Dependency
f o Parser " Relations
s2
racl
Stack | -
—
sn

IDTICMERY]  Basic transition-based parser. The parser examines the top two elements of the
stack and selects an action based on consulting an oracle that examines the current configura-
tion.

credit: Jurafsky & Martin, SLP 3, chapter 15, Dependency Parsing
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Language Guessing / Language Identification

EBERHARD KARLS
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Language Guessing Applications
» Web browsers use language identification and offer to translate the page when it is not in
the computer’s default language

» Google Translate uses language identification to determine the source language of the
text to be translated

* In computational linguistics, it is important to know what language the text is in, in order to
determine what linguistic tools are appropriate for processing it

EBERHARD KARLS
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Language 1

Landau-Symbole

Landau-Symbole werden in der Mathematik und in der Informatik verwendet, um das asymptotische Verhalten von Funktionen und Folgen zu beschreiben. In der
Informatik werden sie bei der Analyse von Algorithmen verwendet und geben ein MaB flir die Anzahl der Elementarschritte oder der Speichereinheiten in Abhéangigkeit
von der GréBe der Eingangsvariablen an. Die Komplexitatstheorie verwendet sie, um verschiedene Probleme danach zu vergleichen, wie ,schwierig“ oder aufwendig sie
zu lésen sind. Man sagt, ,schwere Probleme“ wachsen exponentiell mit der Instanz oder schneller und fiir leichte Probleme” existiert ein Algorithmus, dessen
Laufzeitzuwachse sich durch das Wachstum eines Polynoms beschréanken lassen. Man nennt sie (nicht) polynomiell I6sbar.

EBERHARD KARLS
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Language 2

Cota superior asintoética

En analisis de algoritmos una cota superior asintética es una funcion que sirve de cota superior de otra funcion cuando el argumento tiende a infinito. Usualmente se
utiliza la notacion de Landau: O(g(x)), Orden de g(x), coloquialmente llamada Notacién O Grande, para referirse a las funciones acotadas superiormente por la funcién

a(x)-

Formalmente se define:

f(z) : existen zg, ¢ > 0 tales que }
Vo > z9>0:0< [f(z)| < clg(z)]

Olg(a) - {

Una funcién f(x) pertenece a O(g(x)) cuando existe una constante positiva ¢ tal que a partir de un valor x, f(x) no sobrepasa a cg(:c). Quiere decir que la funcion fes
inferior a g a partir de un valor dado salvo por un factor constante.

La cota superior asintética tiene gran importancia en la Teoria de la complejidad computacional cuando se defininen las clases de complejidad.

EBERHARD KARLS
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Language 3

Notatia Big O
De la Wikipedia, enciclopedia libera

Notatia Big O este o notatie matematica care descrie comportamentul la limitd® al unei functii atunci cand
argumentul tinde la 0 anumita valoare sau la infinit. Este una din notatiile inventate de Paul Bachmann,!'] Edmund
Landau'@,[? si altii, numite colectiv notatiile Bachmann-Landau sau notatiile asimptotice.

in informatica, notatia Big O este folosita pentru a clasifica algoritmii in functie de felul in care timpul lor de rulare sau
cerintele lor de spatiu cresc pe masura ce creste dimensiunea datelor de intrare.l! In teoria analiticd a numerelor®,
notatia Big O este adesea folosita pentru a exprima o legatura intre diferenta dintre o functie aritmetica® si o
aproximare mai bine inteleasa; un exemplu celebru de astfel de diferenta este termenul rest din teorema numerelor
prime.

Notatia Big O caracterizeaza functiile dupa de vitezele lor de crestere: functii diferite cu aceeasi viteza de crestere
pot fi reprezentate folosind aceeasi notatie O.

Litera O este folosita deoarece viteza de crestere a unei functii este numita si ordin al functiei. O descriere a unei
functii in ceea ce priveste notatia Big O, de obicei, ofera doar o limita superioara'® a vitezei de crestere a functiei. Cu
notatia Big O mai sunt asociate mai multe alte notatii, folosind simbolurile o, Q, ®, si ®, pentru a descrie alte tipuri
de limite ale vitezelor de crestere asimptotica.

EBERHARD KARLS
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Language 4

Biyiik O gosterimi
Vikipedi, 6zgir ansiklopedi

Buyik O (Big-Oh) gdsterimi matematiksel bir gésterim olup islevlerin (fonksiyonlarin) asimptotik davraniglarini tarif etmek i¢in kullanilir. Daha agik sekilde anlatmak
gerekirse, bir islevin bilylimesinin asimptotik Gist sinirin1 daha basit bagka bir islev cinsinden tanimlanmasi demektir. Iki temel uygulama alani vardir: matematik alaninda
genellikle kirpilmig bir sonsuz serinin kalan terimini karakterize etmek i¢in kullanilir; bilgisayar bilimlerinde ise algoritmalarin bilgi iglemsel karmasikliginin ¢ézimlemesi igin

kullanihr.

Bu gdsterim ilk olarak Alman sayilar kuramcisi Paul Bachmann tarafindan 1892 yilinda yazdigi Analytische Zahlentheorie kitabinda kullaniimigtir. Gdsterim bir bagka
Alman matematikgi olan Edmund Landau tarafindan yaygin kullanima sokulmustur, bundan étiirii bazen Landau sembolii olarak da anilir. Biyiik O, ingiliz dilindeki "order
of" yani bir geyin derecesi anlamina gelen s6z ébegini hatirlatmak amaci ile kullaniliyordu ve ilk olarak buylk omicron harfi idi; ginimuzde blyilk O kullaniimakta ve 0
sayis! hi¢ kullaniimamaktadir.
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Language 5

— AN 'E =

VI IDEE

HE: 7 —BREA D0 FR7 07 (Wikipedia) 4

FVFIDERT (SVFIDETS, ZE: Landau symbol) (&, BAKODBRICHE T ZEBOELLEEWVIC. &
KEELFDOFMZE SR B DELETH %,

Z ¥ DFERSE (asymptotic notation), 7 >4 &Sk (Landau notation) $ 2 WEEERESE LT O
(A—=HULLKRAZTZ7OY 0, BFDOOTIEBZW) ZAWSZENS (NyN\IV-FVFUD) OfLE
(Bachmann-Landau O-notationl'l), S #onAzIrOvirEEtnS,

iLs Ol "2E, ORKOA—4— (Order) Hh5,

BREIITWSI IV DIEIRLAVYN - S IDOETHH., TERYEBEZHIE) OBETHZL7 -5
U ERHIATH B,

VT IDREFRBYEAVPEHERRFEZEI OO E VKRR BABFTHAWS NS,
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Language 6

KOFFE v

#EBN, BHNENES

KOS (&:iE: Big O notation) , RMAMENIR, RATRARRLHATHNBEHS, B, EEBS—T (BFNEESRMN) REBRHER—T R
HBMBAOIELR., HEHPR, E-RARZERBUTAOTTHS RBAREMLRBORMRIT EitHAAMNES, EESHWEZERENSEIEREA.

AKOFERREEMILERET  EMBEH182FENEE (BITHIL) (Analytische Zahlentheorie) B%3IAMN, X MCESNRES—IEEBILERY
ER-HENEERA TN, BHEENXMAMERS (Landau symbols) , 8% “order of ...” (......[}) MKO, B¥E— I ABHEFEH0”
(omicron) , MSHMNRABAITFH 0",
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Any ldeas?

* How can the language of a text be guessed?

* (Brainstorming)

EBERHARD KARLS
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Method

» We can write an algorithm for guessing the language of a text

- Using simple n-gram statistics
- Using a small amount of training data

- With high accuracy
* Method of Canvar and Trenkle, 1994. N-Gram-Based Text Categorization.

- Based on computing and comparing profiles of n-gram frequencies
- First, compute profiles on a training set of data containing different language samples

- For a new document whose language has to be guessed: construct a profile and
compare it to each of the training profiles; select the language with the smallest
distance to the new profile as the “winner”

EBERHARD KARLS
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First Step: Computing the language profile

* As in Canvar and Trenkle, 1994. N-Gram-Based Text Categorization.

- ldentify and count each 1-, 2-, 3-, 4- and 5- gram of the text
- Sort the n-grams by frequency (most frequent first)
- Retain the most frequent 300 n-grams

EBERHARD KARLS
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N-grams

* An n-gram is a n-character-long continuous slice of a string

« Each n defines a separate set of n-grams

 E.g. different n-grams for the word bananas

1-grams
2-grams
3-grams
4-grams

S5-grams

UNIVERSITAT
TUBINGEN

bananas

ba an na an na as
ban ana nan ana nas
bana anan nana anas

banan anana nanas

Introduction & Language Guessing| 36



Example: bananas - n-grams & their frequencies

1-grams
2-grams
3-grams
4-grams
S5-grams

UNIVERSITAT
TUBINGEN

bananas

ba an na an na as
ban ana nan ana nas
bana anan nana anas
banan anana nanas

as
ban
ana
nan
nas

OO SO O S GO G R S Y

bana
anan
nana
anas
banan
anana

[ O, . U, (e, [ .

Nanas
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Example: bananas - frequencies, reverse-sorted (+ lexically)

a 3 bana 1
an 2 banan 1
ana 2 nan 1
n 2 nana 1
na 2 nanas 1
anan 1 nas 1
anana 1 S 1
anas 1
as 1
b 1
ba 1
ban 1

EBERHARD KARLS
U%\JL[J\éIESélETQT Introduction & Language Guessing| 38



Example: bananas - from frequencies to ranks

a 3 bana 1 a 1 bana 13
an 2 banan 1 an 2 banan 14
ana 2 nan 1 ana 3 nan 15

n 2 nana 1 n 4 nana 16
na 2 nanas 1 — Na 3 nanas 17
anan 1 nas 1 anan 6 nas 18
anana 1 S 1 anana 7 S 19
anas 1 anas 8

as 1 as 9

b 1 b 10

ba 1 ba 11 Profile for the
ban 1 ban 12 word bananas
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Zipfian Distribution

* When plotting the n-gram frequencies in rank order, the language profiles display a Zipfian
distribution

» Zipf's law: the n-th most common word in a human language text occurs with a frequency
inversely proportional to n.

» This means that the most frequent word will occur twice as many times as the second most
frequent word, three times more than the third most frequent, etc.

» Also holds for the frequency of n-grams

english french german
7000 4 800
1400 700 -
6000 -
1200 1 600 -
5000 -
1000 4 500 A
3 4000 3 >
g £ 800 T 400
z Z &
@ 3000 o @
& & 600 - & 390 A
2000 1
400 - 200 -
1000 4 200 4 100 A
0 04 L 0+ -
0 5000 10000 15000 20000 25000 30000 0 2000 4000 6000 8000 10000 12000 0 2000 4000 6000 8000
Ngram Ngram Ngram
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Two English Samples — top n-grams

4185
3027
1964
1790
1748
1655
1620
1476
1199
925
'h', 879
_', 1164 'L, 870
1117 'd', 780
1007 'e_', 765
931 'u', 695
893 'm', 683

's_"', 827 'g', 586
'm', 815 's_', 555
'th', 748 'f', 510

'g', 658 'en', 507
'w', 654 '_t', 490
"f', 648 'in', 458

UNIVERSITAT
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'‘p', 631 'th', 445
'_a', 621 'p', 439

'he', 592 '_a', 421
"t_', 590 'n_"', 397
'_th', 577 'he', 369
'an', 571 'on', 364
'yv', 559 'an', 348
'd_', 539 '_th', 340
' 527 'y', 327
505 'es', 325
500 'ti', 325
491 '_o', 321
471 'd_", 305
451 'er', 303
433 're', 298
'or', 416 'at', 294
',', 401 'the', 280
,.', 393 'b', 267
'b', 390 'ge', 258
"the', 390 't_', 249
'on', 376 '_the', 248
'es', 365 '_1', 246

'o_', 363 'om', 244

, 244
'_s', 358
'nd', 356 'he_', 234
.', 350 ',', 231
'_the', 345 '_s', 231
'at', 343 'of', 230
"._', 341 '_of', 226
'v', 339 'gen', 222
'yv_"', 319 'f_', 221
'_c', 318 "te', 221
'_to', 313 '_of_', 220
'ha', 312 'of_', 220
'he_', 306 'al', 219
'en', 297 'no', 219
'1i', 29 ',_", 215
'ou', 295 '_g', 215
've', 290 'y_', 215
'nd_"', 282 'the_', 212
'ng', 282 '_c', 211
'k', 281 '_the_', 211
'_f', 275 'di', 210

The top n-grams
from a text
containing
President’s Obama
State of the Union
Address from 2014
(left), and a
Wikipedia entry on
the human genome
(right) will tend to
have many n-grams
in common, despite
the difference in
topic
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"’s_', 93 'seq', 75
',_a', 91 'sequ', 75
'pr', 91 'seque', 75
'ric', 91 'uman', 75
'rt', 91 'NA_', 74
'mer', 990 'hu', 74
'wor', 990 'rs', 74
'e_a', 89 '_seq', 73
'ad', 87 '_sequ', 73
'ry', 8 'un', 73
'wh', 87 '"_a_', 72
"Am', 8 '_1', 72
'_Am', 8 'ul', 72
'wh', 8 'DN', 71
'ess', 8 'DNA', 71
'"her', 86 'tha', 71
"1e', 86 'uence', 71
"111', 8 '_D', 70
'"lo', 86 "_hu', 70
, 85 'ac', 70
', 8 "id', 70
's_to', 85 's,', 70

Two English samples — lower n-grams

'meri', 84 's,_', 70
'rica’', 8 'ut', 70
'we_', 8 's_t', 69
"Ame', 83 'din', 68
"Amer', 83 'e_a', 68
"Ameri', 83 "_hum', 67
"_Ame', 83 "_huma', 67
"_Amer', 83 "hum', 67
'eric', 83 'huma', 67
'erica’, 83 "human', 67
'meric', 83 'is_', 67
'pl', 83 "_tha', 65
'_for', 8 'ding', 65
"_we_', 8 'ding_', 65
'gh', 8 '"iv', 65
"ir', 8 'lo', 64
't_t', 8 'pro', 64
"ts', 8 'na', 63
"_wor', 81 'pe', 63
'd_t', 81 "_DN', 62
'e_w', 81 "_DNA', 62

Around rank 300 the
n-grams become
more specific to the
topic of the particular
article: on the left,
about America, on
the right about
human, DNA,
sequence efc.
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English vs. French - top n-grams

. « By contrast, the top n-
'_th', 577 v 34 77 grams from two different
el =ary 7 languages will have very

559 . . . .

539 e 116 ', 318 'is', 70 different distributions of

527 ' the first 300 n-grams

505 108 | 't

500 106

491 106

471 102
451

"t_', 590

QN v o®o —~ 0 C t+ 3 QO

- - -
- -

433
416

401
L., 393
'b', 390
"the', 390

376
365
363
360
358

356
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Second Step: Comparing Two Profiles

» Given the document profile p and the language profile g, the distance between the two
profiles is defined as:

d(p,q) = Z |rank(ngram, p) — rank(ngram, q)|

ngram € p

* The rank of an n-gram is the rank of the n-gram in a given profile, or the size of the profile
if the n-gram is not part of the profile
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Example: Comparing Two Profiles (from Canvar and Trenkle, 1994)

most frequent

least frequent

UNIVERSITAT
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th
ing
on
er

and
ed

th
er

on

ing
and

N O W O

1
no-match=max
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Basic Algorithm
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L < {(language, profile) }
p < document profile
guess <« €
guess dist < oo
for all (/, q) € L do
dist < d(p, q)
if dist < guess dist then

guess dist < dist
guess <« |

end if
end for
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Results (from Canvar and Trenkle, 1994)

Article Length <300 <300 <300 <300 =300 =300 =300 =>300
Profile Length 100 200 300 400 100 200 300 400
Newsgroup

australia 1000 © 1000 ' 1000 | 100.0 | 1000 ' 1000 | 1000 | 100.0
brazil 70.0 80.0 90.0 90.0 913 913 95.6 95.7
britain 969 | 1000 ' 1000 @ 1000 | 1000 | 1000 | 100.0 | 100.0
canada 100.0 1 100.0 | 1000 | 100.0 | 100.0 | *99.6 | 1000 | 100.0
celtic 100.0 | 100.0 | 100.0 | 100.0 99.7 | 1000 | 1000 | 100.0
france 90.0 95.0 | 100.0 | *95.0 99.6 99.6 | *99.2 99.6
germany 100.0 | 100.0 | 1000 | 100.0 989 | 1000 | 1000 | 100.0
italy 88.2 ' 1000 ' 100.0 | 100.0 91.6 99.3 99.6 | 100.0
latinamerica 91.3 95.7 | *913 95.7 975 | 1000 | *99.5 | *99.0
mexico 90.6 | 1000 ' 1000 @ 100.0 94.8 99.1 | 1000 | *99.5
netherlands 923 96.2 96.2 96.2 96.2 99.0 | 1000 | 100.0
poland 933 933 1000 | 1000 | 100.0 | 100.0 | 1000 | 100.0
portugual 100.0 | 1000 | 100.0 | 100.0 86.8 97.6 | 1000 | 100.0
span 81.5 96.3 | 100.0 | 100.0 90.7 98.9 98.9 | 9945
Overall 92.9 97.6 98.6 98.3 97.2 99.5 99.8 99.8
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Results (from Canvar and Trenkle, 1994)

« Categorized results over several dimensions
* Article length over or under 300 bytes

- Hypothesis: shorter articles should be more difficult to classify, because there is less
text to construct the n-grams from
- Result: system only slightly sensitive to length

 Varied the profile length: 100, 200, 300 and 400 n-grams in the profile

- Profile length did have an impact on performance
- Almost perfect classification with 400 n-grams
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Task difficulty

* The task can be made more difficult by

- Adding more languages, especially similar languages or language dialects
- Trying to identify very short fragments
* There are newer methods that use more sophisticated statistical modelling and/or
machine learning to identify languages

- Radim Rehuiek and Milan Kolkus. 2009. Language Identification on the Web:
Extending the Dictionary Method. CICLing 2009
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Thank you.

EBERHARD KARLS

UNIVERSITAT
TUBINGEN



Acknowledgements
» The introduction to algorithms section is based on the introductory slides for Algorithms,
4 edition, by Sedgewick & Wayne

» The language guessing section uses materials from the DSA-CL lIl Introductory slides
from 2017 by Daniéel de Kok

EBERHARD KARLS
UH%F&%ETQT Introduction & Language Guessing| 51



