Natural Language and Speech Processing
Lecture 1: Introduction
Basic Text Processing
Regular Expressions

Tanel Alumae




Goal of the 1s part of the lecture

* Organization of the course

- Prerequisites
- Course “logistics”
- Reading material
- Assessment

* Explain what this course is about
* What you are expected to learn




hy natural language processing for computer
science students?

ul| T-Mobile =

Natural language based interaction with
devices is becoming very wide-spread Hey Siri how do you say

: : L wow this Cathedral is
« The most innovative companies in natural

language processing research:

incredibly beautiful in

French
- Google Tap to Edit
- Facebook .
In French, ‘wow this
- Microsoft Cathedral is incredibly
-~ Apple beautiful’ is:
- OpenAl e TRANSLATION
° Making natural language based computer wow this Cathedral is incredibly beautiful

Systemslisih Plealbconiplicatey Cette cathédrale est magnifique. >

 But also often more profitable, as it requires
more knowledge and expertise

e The course will focus on statistical/neural
NLP, where models will be learned from data




Course Logistics

e |nstructor: Tanel Alumae

- Contact: tanel.alumae@taltech.ee

- TalTech PhD in 2007

- Associate Processor of Speech Processing

- Head of the Laboratory of Language Technology (Department of Software Science)

- Research interests: speech recognition, other speech processing problems, deep neural networks,
NLP

 One lecture and one lab exercise per week

- Lecture: Thursday 10:00, ICT-315
- Lab: Thursday 12:00, ICT-403/404

* Register at https://moodle.taltech.ee/user/index.php?id=37215 (automatic registration from
0IS)

« The course is given for the 9th time

Course is evolving, new topics introduced this year


mailto:tanel.alumae@taltech.ee
https://moodle.taltech.ee/user/index.php?id=37215

Prerequisites

* Required:
- Statistics, probability theory
- Linear algebra
- Algorithms as data structures
- Programming (Python)

« Tutorial: http://cs231n.github.io/python-numpy-tutorial/
- Knowing some machine learning is a plus

- Linux highly recommended for some tasks

e Tutorial: https://ryanstutorials.net/linuxtutorial/



http://cs231n.github.io/python-numpy-tutorial/
https://ryanstutorials.net/linuxtutorial/

Learning outcomes

* Official expected learning outcomes:

— You are familiar with the main subfields of natural
language processing (NLP) and speech processing

— You understand the ideas behind the main NLP
methods

— You can select and apply a suitable method to solve
a new NLP task efficiently

— You can propose suitable model architectures and
training methods for NLP and speech processing
tasks

~— You understand how text-based generative Al (e.q.
ChatGPT) works




Assessment

Maximum total points: 100

. Short tests in lectures (about the topic of the last lecture): 10

Three homeworks

= Consists of both theoretical part as well as practical component (programming)

- Each worth 15 points of the final grade
. Independent project
= Solve a practical NLP task
= Write a report (a small research paper)
= Worth 25 points
. Exam

- Written theoretical part

= Interview (questions about the submitted homework and project)

= Worth 20 points

. NB! In order to pass the course the student must get at least 50% from homeworks (threshold 23 points in total), at
least 50% from the project (threshold 13 points) and at least 50% from the exam (threshold 10 points).



Lab exercises

* Lab exercises introduce you to some tools
(mostly Python libraries) that are useful for
solving practical NLP tasks

— Pynini (for working with finite state
transducers)

— EsStNLTK (for Estonian language processing)
— spaCy (for processing other languages)

- Sklearn (for text classification)

- Pytorch (for neural networks)
HuggingFace Transformers




Homeworks

Practical tasks: e.g., write a simple program that handles some NLP problem
(typically extends lab exercises)

Submitted via Moodle
Al use is allowed, but understanding is required

NB! Must be completed by the student alone (consulting with co-students is of
course allowed)

Too similar submissions result in zero points for both submitters,
unrecoverable

Plagiarism is not tolerated

— Also applies to program code

NB! Homeworks will be fully accepted only after short interviews (conducted in
lab sessions).

— | can ask questions about every program line!

— Failure to explain your code will result in a deduction of points (proportional to the
severity of the failure)



The goal of the project is to give you:

= Deeper experience in some particular NLP field
- Experience with scientific writing

Consists of code and report

Report should include all the necessary components
of a research paper - introduction, description of the
problem, description of the solution,
evaluation/experiments, conclusion

= Analysis of previous/related work can be skipped

Report can be in Estonian or English, around 3000
words (2 pages with 2 columns, template will be
given)

Submitted project will be reviewed during the exam

To see (mostly) excellent student project samples,
check https://nlp.stanford.edu/courses/cs224n/

You may use external libraries (and it is encouraged),
but you must acknowledge all such usages

Project
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surrogates proposed by [11]. Gaussian Process Baich Upper
Confidence Bound (GP-BUCB) [12). an upper confidence
o bixsied algorithm, which models the reward function as a
sample from a Gaussian process. In [13], the authors propose
initializing Bayesian hyper parameters using meta-learning.
The idea being initializing the configuration space for a novel
dataset based on configurations that are known to perform well
on similar, previously evaluated, datasers.

Following a meta-learning approach, we apply a genetic
algorithm and a sequential search algorithm, described in the
next section, intalized wsing the best configuration reported
in [4] 1o search the space around optimal hyper parameters for
the AWD-LETM model. Twitter tweets collected using a geo-
location filter for Nigeria and Kenya with the goal of acquiring
a code-mixed ext corpus serve as our evaluation datasets. We
repont the test perplexity disuributions of the varions evaluated
configurations and draw inferences on the sensitivity of each
hyper parameter to our unique datases.

HIL. METHODOLOGY

We begin our work by esmablishing what the baseline and
current state of the an model is for a language modeling task
[4]. Applying the AWD-LSTM model, based on the open
sourced code and trained on code-mixed Twitter data, we
sample 84 different hyper parameter configurations for each
dataset, and evaluate the resulting test perplexity distributions
while varying individual hyperparameter values to understand
the effect of the set of hyper parameter values selecied on the
model perplexity.

A, Darasers

Two sources of data are collected using the Twitter stream-
ing APl with a geolocstion filler set o geo-cordinates for
Kenya and Nigeria. The resulting data is code-mixed with the
Kenya corpus (Dataset 1) containing several mixes of English
and Swahili both official languages in Kenya. The Nigeria data
{Dataset 2) on the other hand, does not predominantly contain
mixes of English with another language in the same sentence.
Reather, English is simply often completety rewritten in a pidgin
form. The training data for Kenya and Nigeria contains 13,185

=

words and 27855 words respectively. All rweets are stripped
of mentions and hashiags ag well as converted w lower-case.

The phenomenon of code-mixed language use is common
in bocales that are swrrounded by others which speak different
languages or locales with a large number of immigranis. In
Kenya and Nigeria as such, the use of English is influenced
by the presence of one or more local languages and this is
evident in the corpus.

B. Model Hyper parameters

We considered 11 hyper parameters for tuning including
the size of the word embedding (emsize), the number of
hidden units in each LSTM layer {nhid), the nomber of LSTM
layers (nlayers). the initial leaming rate of the optimizer (Ir).
the maximum norm for gradient clipping (clip), the back-
propagation through time sequence length (bpith, dropout -
applied to the layers idropout). weight dropout applied to the
LSTM hidden to hidden mawix (wdrop), the input embed-
ding layer dropout {dropouti). dropout for the LETM layer
(dropouth). and dropout o remove words from embedding
layer (dropoute). Table | contains the default values of the
individual hyper parameters.

All experiments involved training for 100 epochs inline
with available GPU resources. The training criteron was the
cross-eniropy boss which is the average negative log-likelihood
of predicting the right next word by the LM. It wok approxi-
meately two howrs wall clock time to train the model for each
hyper parameter configuration.

. Sequenttal search

The search process begins by setting the values of each
hyper parameter (configuration) tw known best values (see
Table I). We then iteratively search for the best value for each
hyper parameter. The order used in this search is defined in
the rows of Table II. Performance is evaluated based on the
text perplexity for the modeling task. Once the best perplexity
is identified from the list of possible values for the given
hyper parameter, it is fixed and the space of the next hyper
parameter in the sequence is searched. In this manner the the
configuration space of the model is explored.

This approach shares similarities with the method applied
in [14], though it remains an open question what the impact of
the sequence is on the quality of best configuration produced.
For the context of this work, our aim is pot to find the best
configuration. Instead it is to beiter understand the configura-
tion space defined by these hyper parameters i determine the
impact of their valoes on the performance when considering a
code-mixed corpora.

0. Popularton bated seanch

We apply a genetic algorithm (GA) to provide a comple-
mentary approsch to the sequential search for the exploration
of hyper parameter configurations. The GA is a biologically



https://nlp.stanford.edu/courses/cs224n/

Default project topic

The default independent project is multi-label classification of German book
summaries (blurbs)

 |t's about multi-label classification of so-called blurbs -- short summaries of
books (think about an online bookstore). The language of the blurbs and the
labels is German

 The task is multi-label classification: that is, each blurb can be classified to one
or many classes. Actually, the classes are hierarchical (e.g., Fantasy -> Urban
Fantasy) but we don't really use the hierarchical nature of the classes

« Actually, GermEval 2019 Task 1 has two tasks: task A is about predicting the
most general class, and task B is about predicting all labels. We only focus on
task B

« There are a total of 343 different categories and sub-categories.
« The paper describing the task is available here

More information and starter code is available here


https://www.inf.uni-hamburg.de/en/inst/ab/lt/resources/data/germeval-2019-hmc/gest19-1-description.pdf
https://colab.research.google.com/drive/1ZS_qxfJ9sXX1oXBLySw4Hl9ZQgNppsJi?usp=sharing

Other possible project topics

Identify offensive social media language
- https://competitions.codalab.org/competitions/20011
e Semantic similarity of texts
- Predict which Quora pairs of questions contain two questions with the same meaning
- https://www.kaggle.com/c/quora-question-pairs
e Community question answering
- http://alt.qcri.org/semeval2017/task3/

- Given (i) a new question and (ii) a large collection of question-answer threads created by a user community, rank the answer posts that
are most useful for answering the new question

° Text normalization
- Convert, e.g. “A baby giraffe is 6ft tall” —» “A baby giraffe is 6 feet tall”
- English: https://www.kaggle.com/c/text-normalization-challenge-english-language
- Russian: https://www.kaggle.com/c/text-normalization-challenge-russian-language
° Named Entity Recognition on code-switched (mixed-language) data
- https://competitions.codalab.org/competitions/18724

° Multilingual offensive language detection

- https://sites.google.com/site/offensevalsharedtask/results-and-paper-submission



https://competitions.codalab.org/competitions/20011
https://www.kaggle.com/c/quora-question-pairs
http://alt.qcri.org/semeval2017/task3/
https://www.kaggle.com/c/text-normalization-challenge-english-language
https://www.kaggle.com/c/text-normalization-challenge-russian-language
https://competitions.codalab.org/competitions/18724
https://sites.google.com/site/offensevalsharedtask/results-and-paper-submission

Project assessment

« Technical quality of writing

- Structure

— Description of the problem
— Description of the solution
- Description of the dataset
- Presentation of results

- Analysis and discussion

« Complexity of the used methods

-  You have to use something more than a very straightforward approach
to get perfect score

 Implementation

* Results, compared to the state-of-the-art (if available)



Amount of work

6 ECTS = 6*26=156 hours of intensive work

- On average, assuming prerequisites are mostly
fulfilled

16 lectures = 2*15=32h

16 lab exercises = 2*16=32h

10 hours per homework = 3*10=30h
* 56 hours for project

* 6 hours for studying for the exam
Total: 156 hours




Dates

« Home assignments:

- March 6
- April 3
- May 5
* Project:
- Three days before you come to the exam

Late policy: each late day reduces points by 10%. Decay is
linear. E.g., if you submit a homework 2 days late, and your
real score is 11, your reduced score is 11*0.80=8.8=9. That
IS, the number of maximum late days is 10. NB! Project
deadline is strict!




Reading material

Main textbook: Speech and Language Processing by Jurafsky
and Martin

- Draft of 3" edition available at https://web.stanford.edu/~jurafsky/slp3/

* Lewis Tunstall, Leandro von Werra, and Thomas Wolf. Natura/
Language Processing with Transformers

* Stanford course: C5224N: Natural Language Processing with
Deep Learning

— All materials (lecture videos, assignments, background material)
available:
https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1254/

* If you have no background in neural networks but would like to
take the course anyway, this site will give you more
background:

— Michael A. Nielsen. Neural Networks and Deep Learning


https://web.stanford.edu/~jurafsky/slp3/
https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1254/
http://neuralnetworksanddeeplearning.com/

What is natural language processing

 NLP is a collective term
referring to automatic
computational processing | i
of human languages -

This is a test

« Computational techniques
that use some kind of
knowledge of language

- E.g.: counting words iIn
document (what is a
word?)

- “Open the pod bay doors,
HAL




Some NLP tasks

Information retrieval (e.g. Google)

- Document classification
- e.q. sports Vs business, offensive vs unoffensive comment in social media

« Spelling and grammar checking and correction
« Machine translation

 Information extraction (e.q. "Yesterday, New York based Foo Inc.
announced their acquisition of Bar Corp." - Merger(Foo, Bar, date))

« Open-ended dialogue (ChatGPT)
« Speech recognition (speech-to-text)
« Speech synthesis (text-to-speech)

Speaker recognition (who speaks?)




Some more NLP tasks

what is the average weight of an elephant

Q, Al images @ Maps B News [ videos

. & Elephant > Mass
— Closed domain

African bush elephant: 6,000 kg -
« Given: text about the subject, -
and a queStion Asian elephant: 4,000 kg ¥ |

Question answering

« Find: answer in the text (or no answer)
African forest elephant: 2,700 kg E

- Open domain

e Summarization
- Extractive: extract most important sentences
- Abstractive: “true” summarization

« Keyphrase extraction

Parsing

(dabj)

= =

I prefer the morning flight through Denver




Space Odyssey 2001

* Let's look at the Space Odyssey 2001
example in more detail:
https://youtu.be/dSIKBlibolo?t=52



https://youtu.be/dSIKBliboIo?t=52

n the pod I’'m sorry Dave,
doors, HAL I'm afraid I'can't

NLP components of HAL 4o that

Speech recognition (speech-to-text)
Audio-visual speech recognition (lip reading)
Speech synthesis (text-to-speech)

Analyze the structure of human language

- Dialog act type identification (identify that the utterance is a request vs a
simple statement)

- Syntax analysis (identify that the “pod bay doors” must be “opened”)

- Semantic analysis (map “pod bay doors” and “open” to certain objects and
actions that HAL knows about)

Natural language generation

- Discourse (use if “that” in the response, vs “bay doors”)

- Pragmatics (use of “I'm afraid | can’t do that” vs “No”)




Information Retrieval

Retrieving and ranking
documents, given a search lenart mer v Q
query (e.g. Google)

All Images Maps Videos News More Settings Tools

[ ) POSSi ble N LP Com ponents : About 408,000 results (0.37 seconds)

Showing results for lennart meri

- Spell-check and auto-correct the Search insiead for [enart meri

query Lennart Meri - Wikipedia

https:/fen.wikipedia.orgiwiki/Lennart_Meri «
Lennart Georg Meri was an Estonian statesman, writer, and film director. He served as the second

- Lemmatize th e q ue ry an d President of Estonia from 1992 to 2001. Meri was among the leaders of the movement to restore
Estonian independence from the Soviet Union. Contents. [hide]. 1 Early life; 2 Writer and filmmaker; 3
documents (e.qg., for a query Polical aciviy: 4 Work or .
Y Early life - Writer and fiilmmaker - Political activity - Death
poial, also show documents

containi ng ,00/0’/8 Lennart Meri - Vikipeedia, vaba entsiiklopeedia

https:/fet.wikipedia.org/wiki/Lennart_Meri v Translate this page
Freedom through demecracy, security, and unity in diversity : memorable words of Lennart Meri : from

— Sy n 0 n y m S a n d C I OSe I y re I ated his.speeches 19.96—1999_. M. va'le_rr.ick Yamammo.ﬂl.ggg_ Kaks aja!ugu. seljad \.r.astai\misi: aulaloeng 14.
t f d mail 1996. Tartu: Tartu Ulikooli Kirjastus, 1996. Libisches Recht in Reval (Tallinn): Auftrag und
erms, e.g. for query mad cow Herauslorderung 0 .
. ulugu - Raamatud - Tunnustused - Perekond
disease also show documents
containing BSE and bovine

spongiform encephalopathy



Machine translation

e Used as standalone, or as an aid for
human translators

» Great progress in recent years
— 2 O 1 9 ERR] Engilsh | Spanish | Detect language | ~ €, English Estonian Khmer -

x

Minu vapiloom on karu My mother-in-law is a bear

) EE - 25000 | I O O < 7

o 2 O 2 1 Minu vapiloom on karu| X My coat of arms is a bear W

US| 2175000 - o) o 72 <




Information extraction

* Finding structured information from
unstructured or semi-structured text

Deal, Santa ey
W Al you angd 1 retdeeo J;:,yp
e ]_:mn_iim/ fif [a/ﬁﬁ? a new/ 'f?::'ﬂfﬂaﬂ
e anid fotha  because my V'TC biria Football game
weys ttys 1o Steal my may ook ~—» Football
bwe? Ouf ha ”57‘@ ev afo Remote control truck
wWant @ Femcle caairal (LGt
| lgve Evan

|P5_Hew ds yg 1 b1 ny heyss
zh dl«r:sf:naﬂ /gg - i




Why Is processing natural language difficult?

Full human-level error-free NLP is Al-complete: it
requires human-level Al

It is difficult to represent all the different meanings
in natural language abstractly:

- Tallinn is the capital of Estonia — Capital(Estonia,
1allinn)

— Jerusalem is key to any peace agreement —» 727?

Lots of relationships between concepts

Different ways to represent the same meaning:

—  Firefighter dies battling huge California wildfire

—  Firefighter dies, thousands more take on California
blaze

— Cal fire family mourns San Diego firefighter killed in
Thomas fire

Firefighter killed battling Thomas fire




Question

* Paraphrase: “Using a telescope, | saw a

e Read the sentence: man

— Meaning: The instrument for the seeing
action is a telescope that | am using.

{ * Paraphrase: “l saw a man who had (or
I SaW a ma n was carrying/using) a telescope.”
- 17 _ — : . .
wW Ith a te I esco pe gﬂfetirgqgiezzgprgén himself is in possession
* Paraphrase: “l use a saw on a man who
o had a telescope,” or “Using a saw, | cut a
H OW m a ny man, and there was also a telescope

d |ffe re nt involved.”

* Paraphrase: | perform the action of

i nte rp retat|o NS are (_Siivyri]r;gugar\rlwvfa"n, and | employ a telescope
t h e re ? ~ Comment: This is semantically bizarre

(“using a telescope as a saw”), but
syntactically it’s on par with “l used X to do
Y with a saw,” just substituting telescope
for saw as the instrument phrase.




Why Is processing natural language easy?

* Language is highly redundant:

- E.g. movie review: / hated this movie. Hated
hated hated hated hated this movie. Hated It.
Hated every simpering stupid vacant
audience-insulting moment of it. Hated the
sensibility that thought anyone would like It.
Hated the implied insult to the audience by its
belief that anyone would be entertained by ILt.
- Rating: 1/5

* Many crude methods provide surprisingly
good results




Ambiguity

Natural language is often highly ambiguous at many levels

* Speech:

* The tail of the dog < The tale of the dog

* Jt's easy to recognize speech < It’s easy to wreck a nice beach « It’s easy to wreck
an ice beach

* Estonian: séidutasime autoga < soidutas imeautoga

Lexical: e.q. back: noun (my back) vs adverb (to back away) Vs
adjective (back door)

Syntactic: / heard his cell phone ring in my office

Semantic: / don't like it when my father smokes

Metonymy: White House said to be considering replacing
Tillerson with CIA chief

Metaphors: food for thought, /ose one’s way



Course contents

Finite state automata, regular expressions
Morphology

N-gram language models

Text classification with statistical models

Word classification

Word embeddings, neural network language models
Convolutional neural network models for sentences
Recurrent neural networks for NLP

Neural attention mechanism, Transformer models
Large language models: BERT, BART, GPT

Machine translation

Large language model, e.g. ChatGPT

Speech recognition

Speaker and language recognition

Speech synthesis (?)




Finite state automata, regular expressions

Example

Definition

cuusuh . Cy
[ABCabc]y,u[A-Ca-c]
[Mz] [T [NXYZJ Ly u[ﬁX_Z]
“CuyuTALF
[colG$
C#y,ulab]+

C"'u,u[ab]"'
c\|o
\(CAND +

match any character

match any char in the list

match all except the chars in the list
next token must be the first part of string
prev token must be the last part of string
match 0 or more copies of prev char or
regular expression token

match 1 or more copies of the prev token
match either the lat token or the 2nd
combines multiple tokens into one

WHENEVER T LEARN A
NEW SKILL I ConCoCT

OH NO! THE KILLER

MUST HAVE FOLLOWED

HER ON VACATION!
|

8

BUT TD FIND THEM WE'D HAVE T) SEARCH
THROUGH 200 MB OF EMAILS LOOKING FOR
cr-r:rmr\ts FORMATTED LIKE AN ADDRESS!

=i

T KNOW REGUAR,
EXPRESSIONS.

b K




Morphology, finite state transducers

* Morphological parsing and generation
Input word Output morphemes
cats gcat-+-N +PL
cat cat+ N+ SG
cities pity <+ N+ PL
walks walk + V + 3SG
cook cook +N +SG or
cook +V
<+ V0=

T

<+l resPart:i> _<lin>
@ g oo\
<:+l astPart;e> \
_ <4Paste> .{} — <ud> )
4+V n;, - - -—

3P s:: <48l 0> 3
<+N 0z -

____<+N 0> _— {+V 0>

I
. - /"I
2
“‘“-ﬁ__ <+I’I:s§;___----/f
<HN:Am T




 Named entity
recognition

In DERE, applied the general theory of relativity to model the large-scale structure of the
universe. He was visiting the EEy when tame to power in and did not go
back to [EgaELE, where he had been a professor at the il B He settled in
the , becoming an American citizen in m On the eve of World War Il, he endorsed a letter to
President EREEEn alerting him to the potential development of "extremely powerful
bombs of a new type" and recommending that the begin similar research. This eventually led to
what would become the [[EREeEaIProject. Einstein supported defending the Allied forces, but largely
denounced using the new discovery of nuclear fission as aweapon. Later, with the British
philosopher gt GOEEEL. signed the [T ElEeTy ENNeEee. which highlighted the
danger of nuclear weapons. Einstein was affiliated with the [IEL0s [0 [ilFrincatonl
R, until his death in [EEE.

Tag colours;
LOCATIONJETIMERPERSONIORGANIZATIONIMONEYJPERCENTINDATE

Word classification with statistical models

 Morphological
tagging




Transformer models, BERT

* Neural attention: mechanism to

process sequences without Mult-head ationtion

Probabilities

recurrent neural nets

 Most popular neural building
block in modern NLP

« BERT (and many similar models):
pretrained “self-supervised”
model

- Trained on large amounts of " emaan
internet texts and books

- Trained to predict “masked”
words

- Easy to port and finetune to
various tasks



Speech recognition

* Converting speech into text

True symbol sequence
THE CAT IS BLACK

|

[ CTC Loss

Linear layer

LSTM output

Backward LSTM network
Forward LSTM network

: * - Acoustic feature
. sequence




Speaker and language identification

» |dentifying speaker or spoken language
(e.qg., Estonian, English or Russian?)
from speech

Training
)
f._,..--—'__-_'—--..,_“\
g eSS £
Training

: Speaker

H’h — Feature Extraction Database
Input speech Identification —

signal

Comparison with -
speaker database

l

Decision

i ldentified speaker



Summary

Natural language processing is difficult
But very interesting

Nowadays, many new methods and ideas in Al
(particularly deep learning) come from the NLP
community

 Learning modern NLP gives you a good background for
doing any machine learning or data science work
professionally

* |nteresting Master thesis topics available (contact me
as soon as possible if interested - | have limited
supervising capacity)




Encoding text in computer




Writing systems

Different types of writing A e

systems ¥R 2 A BEE §

: : ¥ %F TV N7 X bk

~ Alphabetic (English, ﬁ—%;izﬁgm/ 75

Estonian, Russian) NAE BT RN BRI AR

- Syllabic: symbols ;i > ;J;fg”j;

represent syl/lables SR YAFLAEL LD S

(Japanese kana, 7 fa g H# &7 F
Cherokee) )

- Logographic: single
symbols represent
complete words (Japanese
kanji, Chinese, Ancient
Egyptian), but also
symbols such as $, %, €




Alphabetic symbols

* Alphabets (phonemic alphabets)
— Represent all sounds (consonants and vowels)

* Abjads (consonant alphabets)

— Represent consonants only (in some cases also some
vowels)

— vowel sounds have to be inferred by the reader
- Examples: Arabic, Aramaic, Hebrew

— Arabic alphabet is used with many other languages, e.qg.
Kurdish, Pashto, Kazakh (in some areas)

i !




Alphabet example

* Fraser alphabet, used to write L/su, a
Tibeto-Burman language spoken by
about 700 000 people in South-East
Asia

[b]

[a]
[dz]

[s]
(h]

[t"]
[te"]
1]
[x]
[ya]

[d]
[dz]
[m]
(1]
[¢]

[p"]
(k"]
[ts"]
(2]
[w]

[t]

[te]
[n]
[h]
(2]

[P]
(k]
[ts]
[3]
[1]

O 0O NGO
= X0 M X T
S *r L ¥ 0o
» > X « O
< < Z 0O -
m T r O -

A [a] v [e] E [e] 3 [o] | (i)
O [o] U [u] n [y] 1 [w] a [a]




Encoding written language in computer

Using a single byte (8 bits), one can represent 256 different
characters

Earliest character encoding: ASCI|

Uses only 7 bits = 128 possible characters
English letters, numbers, punctuation marks
First 31 codes reserved for control characters (backspace, line feed,

etc)
B NUL 16 DLE 20 30 0 40 @ 50 P 6O 70 p
1 SOH 11 DC1 21 | 311 41 A 51 Q 61 a 71 q
2 STX 12 DC2 7 C 32 2 42 B 52 R 62 b 72r
3 ETX 13 DC3 23 # 33 3 43 C 53 § 63 C 73 s
4 EOT 14 DC4 24 & 34 4 44 D 54 T 64 d 74 t
5 ENQ 15 NAK 25 % 35 5 45 E 55 U 65 e 75 u
6 ACK 16 SYN 26 & 36 6 46 F 56 V 66 f 76
7 BEL 17 ETB 27 37 7 47 G 57 W 67 g 77 W
8 BS 18 CAN 28 | 38 8 48 H 58 X 68 h 78 x
9 HT 19 EM 29 ) 39 g 49 1 59 Y 69 i 79 y
A LF 1A SUB 2A * 3A 4A 3] 5A Z BA ] 7A Z
B VT 1B ESC 2B + 3B ; 4B K 58 [ 6B k 7B {
C FF 1C Fs 2C 3C < 4C L 5C 6C 1 7C |
D CR 1D GS 2D - 3D = 4D M 50 ] 6D m 7D }
E SO 1E RS 2E . 3E > 4E N 5 ~ BE n 7JE ~
F sI 1F US 2F / 3F 7 4F 0 5F 6F 0 7F DEL




Different coding systems

ASCII contains only English letters

What about other languages and characters, such as
0, s, LU, 47

ASCIl was extended to 8-bit, to include extra
characters

However, this gives only 128 extra symbols

Result: different encodings for different languages:

~ 1S0O-8859-1: includes extra letters needed for French,
German, Spanish

~ 1S0O-8859-7: Greek alphabet
~ 1S0O-8859-8: Hebrew alphabet
ISO-8859-13: Baltic languages (including Estonian)




Problem with character sets

* Conflicts

~ Two different encodings can use the same number for
different characters (e.g. sin ISO-8859-13 is encodes as
240, which in ISO-8859-1 corresponds to 0)

- Sometimes, the same character corresponds to different
codes in different character sets

* Also, a text file using a language-specific encoding
(e.g. 1ISO-8859-13) cannot mix in letters from other
encodings (e.g. Greek or Chinese)

* Also, when opening a text file using a ISO-8859-X
encoding, you have to know the encoding, otherwise
the content will be garbled

~ That’s why you sometimes see something like “ Odse/ sdin
ma dokolaadr’ when opening text files




Unicode

* Unicode tries to fix this mess by having a
single representation for every possible
character in all world languages

* The latest version of Unicode (17.0)
contains 159801 characters covering 172

scripts

- E.g., Chinese has ~100000 characters in
Unicode

* Unicode uses 32 bits, meaning we can store
232 = over 4 billion different characters




Unicode, cont.

 Each unicode code points consists of a
number and a description

 The actual visual representation (glyph) is not
stored in Unicode - this is determined by the
font

U+0661 a LATIN SMALL LETTER A

U+06862 b LATIN SMALL LETTER B

U+0663 ¢ LATIN SMALL LETTER C

U+OOF9 0 LATIN SMALL LETTER U WITH GRAVE
U+OOFA U LATIN SMALL LETTER U WITH ACUTE
U+O6OFB @ LATIN SMALL LETTER U WITH CIRCUMFLEX
U+OOFC @ LATIN SMALL LETTER U WITH DIAERESIS
U+8FDB if

U+8FDC It

U+8FDD ifi

U+8FDE iE

U+1F600 '== GRINNING FACE
U+1FOOE MAHIONG TILE EIGHT OF CHARACTERS




UTF-8

The most straightforward way to store Unicode text is to use UTF-32, where each
character is represented using 4 bytes

« However, this uses up a lot of memory, especially for English text: 4 times more than
ASCII

* Therefore, 90% of texts on the web is stored using UTF-8:

- Characters are represented using one or more bytes

- Highest bit of the first byte is used a flag:

Highest bit 0: single character (OXxXxxxxx)

Highest bit 1: part of a multibyte character
110XxxXXXX + 1OXXXXXX
1110xxxx + 10xxxxXxXX + LOXXXXXX

- Nice consequence: ASCII text is valid UTF-8 text

- Estonian text in UTF-8 takes only slightly more space than 1ISO-8859-13 (only 0ados
use 2 bytes)

The higher is the Unicode ID of the character, the more bytes it uses in UTF-8




« “karu”

* |1SO-8859-13:
01101011 (k)
01110010 (r)

e UTF-8:
01101011 (k)
01110010 (r)

1ISO-8859-13 vs UTF-8 example

11100100 (a)
01110101 (u)

11000011 10100100 (a)
01110101 (u)




Problems with Unicode

* Very similar characters with different codepoints
(called “confusables”)

- e.g. “A” has codepoints in both Greek and Latin script
— Can be used to make spoofing attacks
- String matching causes hard-to-debug errors
* Characters with diacritics can be written in two
Ways.
- The actual codepoint for the character
* e.g. 0 (O0F5)
- The base character codepoint + “combining character”
* E.g. 0 (006F) + " (0342) resultsin 0 (006F 0342)




Regular expressions

OH NO! THE KILLER || BUT TD FInD THEM WED HAVE T0 SEARCH
THROUGH 200 MB OF EMAILS LOOKING FOR

WHENEVER T LEARN A | | MUST HAVE FOLLOWED
EW SKILL I mcr' HER ON VACATION! || SOMETHING FORMATTED LIKE AN ADDRESS!

NE | !
F_ %&-—-— 75 HOPELESS!

ELABORATE. FANTASY
SCENARICS WHERE (T f %
T KnOW REGMAR.J/
EXPRESSIONS.

K
5




Regular expressions

Most important tool for describing text patterns

* Can be used to defining string patterns, e.g. that
match:

~ Dollar amounts: $199, $25, $24.99

~ Western style person names: Donald Trump, Toomas
Hendrik llves, George W. Bush (but be careful with names)

~ Hashtags: #yolo, #nlp, #regexp
* And for transforming:
~ $199 - 199 dollars

~ Donald Trump = D. Trump, Toomas Hendrik llves —» T. H.
llves, George W. Bush -» G. W. Bush

* Highly useful in practical NLP, e.qg. for data cleaning
and transforming between simple formats




Basic Regular Expression Patterns

* Simplest regular expression is a sequence of
simple characters, e.g. /woodchucks/ (note
that ‘/' characters are not part of the regex,
they simply denote that the part between /../
IS a regex)

Regular expressions are case-sensitive

RE Example Patterns Matched
Jwoodchucks/ “interesting links to woodchucks and lemurs™
/fa/ “Mary Ann stopped by Mona’s™

Ay “You've left the burglar behind again!” said Nori




Sets

* Square braces denote a set of

characters from which one has to
mall'Erh-

Match Example Patterns
/ [wW]oodchuck/ Woodchuck or woodchuck “Woodchuck™
/[abc]/ e “In uomini, in soldati™
/[1234567890]/ any digit “plenty of 7 to 57

» Sets can also include a character range
(e.q. [A-Z], be careful with 0auo)

RE Match Example Patterns Matched
/[A-Z]/  anupper case letter  “we should call it ‘Drenched Blossoms™ "
J[a-z]/ alower case letter “my beans were impatient to be hoed!™

/[8-9]/  asingle digut “Chapter 1: Down the Rabbit Hole™




Negation and disjunction

* Caret (7) specifies what a single symbol cannot be

* Can be used for excluding single symbols or
character sets

RE Match (single characters) Example Patterns Matched
J[TA-Z]/ not an upper case letter “Ovyin pripetchik™
f[°Ss]/ neither ‘S’ nor ‘s’ s | have no exquisite reason for't”
i e not a period “our resident Djinn™
/e”1/ either ‘e’ or *~’ “look up © now”
/a"b/ the pattern *a”b’ “look up a” b now”
* Pipe symbol | denotes disjunction operator
i 144
(“or”):

- /cat|dog/ matches cat or dog but not cadog




Quantors

Optional preceding symbol or expression: ?
- [Tallinn?/ matches Tallinn, Tallin
« Zero or more preceding symbols or expressions: *

- [Tallinn*/ maches Tallin, Tallinn, Tallinnnnn

- /a[bc]*/ matches a, acbb, but not adc
 One or more preceding symbols or expressions: +

- /ba+!/ matches ba!, baa! but not b!

« Exactly nrepetitions of the previous symbol/expression: {n}

- /ba{4}/ matches baaaa
« From nto mrepetitions: {n,m}:

- [ba{2,4}/ matches baa, baaa, baaaa




Wildcard

* Dot (“.”) iIs a wildcard that matches
any single character

- [beg.n/ matches begin, began, beg n,
beg9n

- Can be combined with quantors:

e /*/ matches string of any length
* /aa.*bb/ matches aabb, aaabb, aaccggrritbb




Anchors

« Anchors are special characters that anchorregexes to special
places in string:

- 7~ - start of string
- $ end of string
- \b word boundary

« Examples:

- /~dog/ matches dog at the beginning of string, but not in a sentence
like “l have a dog”

- /dog$/ matches a dog at the end of a string
- /\bthe\b/ matches the but not other

- NA\b99\b/ matches 99 in “l have 99 dollars” but not in “This costs $99”
or “This happened in 1999”




Operator precedence

* Order of operator precedence:

Parenthesis O

Counters * + 7 {}
Sequences and anchors the "my end$
Disjunction |

« Examples:

- /the*/ matches the, theeee, but not thethe
- [(the)+/ matches the, thethe, thethethe
« When in doubt, use parenteses

- [cit(y)|(ies)/ matches city, cities




Predefined sets

RE Expansion Match First Matches
\d [0-9] any digit Party_of_5

\D [0-9] any non-digit Blue,,moon

\w [a-zA-Z0-9_] any alphanumeric/underscore  Daiyu

\W [ “\w] a non-alphanumeric i

\S [ ATNEADnNE] whitespace (space, tab)

L | y5] Non-whitespace in,_Concord




Special symbols

Match First Patterns Matched

an asterisk *“*” KT AP ¥ A N

a period “.” “Dr. Livingston, I presume”

a question mark “Why don’t they come and lend a hand?”
a newline

a tab




Practical examples

* Find words ending with “a”: A\S*a\b/

 Find e-malil addresses that use .ee
domain:
N\bl[a-z. 1+@([a-z ]+\.)+ee\b/

* Find dates in format 03/11/2017:

NAb\d {2 }\\d{2}\/\d{4 }\b/ (careful:
also finds 91/88/0000)




Regexp exercise

Write a regex that
matches all lowercase
alphabetic strings ending
with ‘b’, e.qg.:

- abb

- aab

* But not:
- Ab

- bba

- 123ab




Regexp exercise

Write a regex that matches the
set of all strings from the
alphabet a,b such that each ‘a’
is immediately preceded by
and immediately followed by
‘b’, e.q.:

- bbbabbb
- babab
 But not:

- a

- baba

babcc




Regexp exercise

Write a regex that
matches the set of all
strings consisting of two e
consecutive repeated
words, e.g.:

~ Foo Foo

- 123123 e
* But not: . »
- Big Bag
- ababc




Substitutions

Regular expressions are often used for substitution

In many Unix tools (per/, vim, seqd), substitution can
be invoked using:
s/regexp/substitution/

* For example:
perl -npe 's/colour/color/g' fl.txt > f2.txt
replaces all instances of colourin f1.txt with color
and saves the result to 72.txt

 Mastering regular expression substitutions makes
many routine and awkward data cleaning and
transformation tasks very easy



Substitutions using references

* Using references makes regular expression
substitutions really powerful

 Numeric references (\1, \2, ...) referto parts in
parentheses ( and ) In the search expression:

- s/(\d+)/<\1>/ surrounds all number sequences
with <>, e.q.
foo 44 bar -» foo <44> bar

- s/(\w+) (\w+)/\2 \1/ switches the first two words
of the line, e.q.:
John Smith 56998874 - Smith John 56998874




Practical substitution examples

* Very hacky HTML markup remover:
s/<[">1*>//9
a <b>nice</b> day - a nice day

 Add a +372 prefix to all (probable) Estonian phone
numbers starting with 6 or 7:
s\b(\d{6,7})\b/+372\1/g
6888999 - +3726888999

 Replace names like John Smith with /. Smith:
s/([A-Z])[a-z]* ([A-Z][a-z]+)/\1. \2/
(note that this fails with non-English characters and
any word that looks different)




Basic text processing

* Basic NLP pre-processing usually
consists of:

- Tokenization
- Text normalization
- Sentence segmentation




Tokenization: what are words?

* How many words (tokens) in the following
sentence: Jom’s bike is red, my bikes are red.
— 8 words if not counting punctuation
— 10 if counting punctuation

— Whether to treat punctuation as a word depends
on the task

- But how many different words (word types)?
* 7 (without punctuation)
— But are b/ke and bikes different words?

* They have the same lemma (b/ke) but are different
wordforms




How many different words are there?

* English:

Corpus Tokens =N Types = |V|

Shakespeare 884 thousand 31 thousand

Brown corpus 1 million 38 thousand

Switchboard telephone conversations 2.4 million 20 thousand

COCA 440 million 2 million

Google N-grams | trillion 13 million
* Estonian

— Number of word types increases more rapidly
because of inflections (koer, koera, koeraga, ...)
and compound words (Aundikoer,

Koerakutsikas, ...)




How to split text into words?

 Also called tokenization
« Split at whitespace?

- What about punctuation? We usually want:
The bike is red. - The bike is red .

- However, word-internal punctuation is usually kept:
John’s bike 1is red. - John’s bike is red .
AT&T — AT&T, m.p.h - m.p.h

- Also, word-ending punctuation is not always a separate
token:

« “Mr. Big”
 |n Estonian “See juhtus 1976. aastal”



Tokenization: language issues

* French:

- ['ensemble - |'ensemble or le enseble
o English:

- doesn’t - doesn’t or does n’t
* Finnish:

- Honkaharjun sairaalan osasto 3.:/la -
Honkaharjun sairaalan osasto 3.//a




SORLKRSE BE BiE £ XE

Sharapova now lives in
Florida

intermingled

71 =F22500 zz‘/zifﬁ’a?@wz.j@ﬁlﬁm;& $500K( #96,000 53

 Dates/amounts in multiple formats

* Further complicated in Japanese, with multiple alphabets

Tokenization: language issues

 Chinese and Japanese no spaces between words:

SORCRIE N B EEREREENHS 21X,

AEE B HBTER
US southeastern




Tokenization algorithm

Text tokenization is language-specific

« Often done using rules, for example:

- Split at whitespace

-  For every resulting token:

. If it looks like an URL or e-mail, don’t do anything
0 Separate token ending , ! 7 : ;

. Separate quotes at word beginning and ends

. Separate . at token ends, unless:

- The token before . is numeric (e.g. 44.)
- The token is in a list of known abbreviations (e.g. m.A.) or is a single uppercase letter (e.g. M.)

- The token after the current token starts with a lowercase letter

« Tokenization algorithm needs to be robust - it often needs to deal with typos, grammar
mistakes.

« E.qg., the algorithms above fails if there is no space after period in the sentence end:
Koer soob konti.Kass soob kala. — [Koer] [so0b] [konti.Kass] [soob] [kala] [.]

Therefore, complicated heuristic rules are often added




Practical tokenization

* Pretty good tokenization (and many other NLP
tools) for Estonian is implemented in the
EstNLTK python package:

>>> from estnltk import Text

>>> text = Text('M. Oun elab 3. korrusel.')

>>> print (" ".join([w['text'] for w in text['words']]))
M. Oun elab 3. korrusel .

 For English, spaCy toolkit is a good choice:

>>> import spacy

>>> nlp = spacy.load('en core web sm')

>>> doc = nlp("Apple isn't interested in buying U.K. startup for $1 billion.")
>>> print(" ".join([w.text for w in doc]))

Apple is n't interested in buying U.K. startup for $ 1 billion .




Text normalization

During text normalization, we standardize the words:

Depends on the task
Can include of the following steps:

Fixing most commonvorjch/o(graphic problems (e.g. s'is often written as s~ or sh in Estonian text)
Masha ja Karu - Masa ja Karu

Normalizing punctuation marks to common UNICODE codepoints:
John's = John's
“great” - “great”’

Recasing text written in all-caps
THIS IS GREAT - this is great

Converting abbreviations to common form:
Uus. - Us

True-casing sentence-beginning words:
Mari kasvab metsas - mari kasvab metsas
Mari on tore tudruk - Mari on tore tudruk

Sometimes, we lemmatize words (useful for information retrieval)
mari kasvab metsas — mari kasvama mets
tostsin poidia tles — téstma poial lles

Eyoanding numbers, units (e.g., needed for speech synthesis):
$45 - fourty five dollars
kaalun dle 80 kg — kaalun Ule kaheksakimne kilogrammi

Usually implemented using a mixture of rule-based and machine-learning methods

Often complicated, boring and time-consuming to implement, but very important for
overall success




Sentence segmentation

 Sentence segmentation divides running text
Into sentence:
| see a dog. The dog eats a bone. -
[l see a doqg ./, [The dog eats a bone.]

» Usually quite simple, if tokenization has been
done before (just split the text on
separate .17?):
| see a dog . the dog eats a bone . =
[l see a dog .J, [the dog eats a bone ./




Questions?
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