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Discriminating gender on twitter Burger et al.

What Your Username Says About You Jaech and Ostendorf
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okcupid.com username

okcupid.com

—K——n'ffﬁ_ @ cu*

na
Sl /OS5 st X O
EB/RHALOIE0] CHEE XHEE QLY
FISMM UHITI) SHs A0 E00E WA UEEE BESD 20| BRI KUY 01F BRq ot
ARG AR S Y B0 YSSHRE YRS UL,
e MOIEE Era@UUAN Y HOHE MY SaRlvEe QX W 2UN Yy
RO ) AT RIEHE) 20(2L) O] THEHEAIHO0) ROAID OFRR B250 FAI7] BEUCH

Location
Seoul, Soul-t'ukpyolsi

Birthday
1996. 10. 05.
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Quickmatch Join A-List

SnusSt2015

18 * Seoul, South Korea * Man 4

About  Photos  Questions

My self-summary #

Write a little about yourself. just a paragraph will do.

What I'm doing with my life # I'm looking for #

Don't overthink this one; tell us what you're doing day-to-day.

* Men

* Ages 18-26

® Near me

® Who are single
® For new friends

I'm really good at #

Go on, brag a little (or a lot). We won't judge.

Favorite books, movies, shows, music, and food #

My details #
Help your potentiol matches find common interests.

Orientation Gay
The six things | could never do without # TR _




Morfessor

: F2 4

morpheme: minimal linguistic unit with lexical or grammatical meaning.
FEER= HEfA

u-morphs: T2 AFEXES| Of0|C|o B R 4 US B
E0|X| 2t o0 & EE5tA UAF. morphemelt &2 71 §O[X| 2 Z S 2l
THO10| A7t Ot El OFO|E| EXHEL 2R E ARG HEfA

" Morfessor

Infermaiton Management Lab 3

Creutz and Lagus (2006)

Unsupervised morphology induction

Maximizing the likelihood of the data and the likelihood of the modelz2t
= 5 7HX| dBt=El S H S E| & 2tA|7| = minimum description length
(MDL) =&gt+=E &1 U=

Morfessor software HHYZ2| MO 2 A8 Tts

. http://www.cis.hut.fi/projects/morpho

Technical paper

. Creutz, M., & Lagus, K. (2005). Unsupervised morpheme segmentation and
morphology induction from text corpora using Morfessor 1.0. In Helsinki University
of Technology.



http://www.cis.hut.fi/projects/morpho

Morfessor

= Maximum a posteriori estimate of the overall
probablllty

The model of language (M) consists of a morph vocabulary, or a /exicon
of morphs, and a grammar

= Aim at finding the optimal model of language for producing a
segmentation of the corpus, i.e., a set of morphs that is concise, and
moreover gives a concise representation for the corpus

= The maximum a posteriori (MAP)
arg max P(M |corpus) = argmax P(corpus| M) - P(M), where (1)
M M
P(M) = P(lexicon, grammar). (2)

. The probability of the model of language P(M)

. The maximum likelihood (ML) estimate of the corpus conditioned on the given
model of language, written as P(corpus |M)

Infermmiion Management Lab 4



Morfessor

= Lexicon

The lexicon contains one entry for each distinct morph (morph type) in
the segmented corpus

an inventory of whatever information one might want to store regarding
a set of morphs, including their interrelations

the probability of coming up with a particular set of M morphs making
up the lexicon

P(lexicon) = M! - P(properties(ji1), . . ., properties(jinr)). (3)

In the Baseline versions of Morfessor, two properties are stored

=  the frequency (number of occurrences) of the morph in the corpus

. the string of letters that the morph consists of. This property contains knowledge
about the length of the morph, i.e., the number of letters in the string

assume that the frequency and morph string values are independent of

each other

P(properties(jty). ..., properties(jinr)) = P(fuys - funs) - P(Spys oo Spn)s (4)

Infermmiion Management Lab 5




Morfessor

"= Grammar

information about how language units can be combined, i.e. which
morphs precede or follow it or whether the morph is placed in the
beginning, middle, or end of a word

In the Baseline models, no context-sensitivity. The probability P(lexicon,
grammar) reduces to P(lexicon)

= Corpus

Infermaiton Management Lab 6

sequence of some morphs that are present in the lexicon
In MAP modeling, the one most probable segmentation is chosen

the probability of the corpus, when a particular model of language
(lexicon and non-existent grammar)

o fu@ . fm

Pji;) = N ZM £ (5)
o ;';jl K
P(corpus | M) = H H P(jx). (6)
j=1 k=1




Morfessor

" Properties of the morphs in the lexicon: Frequency

= Implicit model
= non-informative prior

N—1\ (M—=1I(N—=M)
P(fis -, =1 = : 7
= where N is the total number of morph tokens in the corpus, which equals
the sum of the frequencies of the M morph types that make up the

lexicon

= Explicit model
= assigns a particular probability to every possible morph frequency value

= assume that the frequency of one morph is independent of the
frequencies of the other morphs ol S
. — Zipf, power law

= an expression based on Zipf's law ol - Exponential

P(fp) = £ 0 = (f, + et

Probability

e
¥}

1 2 3 4 5 6 7 8 9 10
Informaiton Menagement Lab 7 Morph frequency




Morfessor

" Properties of the morphs in the lexicon: Length

= Implicit model
= a morph consists of is mdependent of the strings that the other morphs

consist of
P(SuysesSun) H P(s,,) (10)

= assume that the letters in a morph string are drawn from a probability
distribution mdependently of each other

HP Cis). (11)

= The probability dlstrlbutlon over the alphabet P(c;) is estimated from the
corpus by computing relative frequencies of each of the letters observed

= aspecial end-ofmorph character that is part of the alphabet and is
appended to each morph string in the lexicon and marks the end of the
string. It implies an exponential distribution

P(l)=[1—P(#)]' - P(#). (12)

Infermaiton Management Lab 3



Morfessor

" Properties of the morphs in the lexicon: Length

= Explicit model

= Instead of using an end-of-morph marker for the morphs in the lexicon,
one can first decide the length of the morph according to an appropriate
probability distribution and then choose the selected number of letters

= model the length distribution of morph types (the morphs in the lexicon)
= use a gamma distribution

Finnish English
| I Gold standard
0.2 0.2 o Poisson, best fit
, / ‘;\ -- Gamma, best fit
> 0.15} o 4 > 0.15[ A Gamma, actual
= _ = A - Exponential
e : 2
—'é 0.1p ) @ 0.1 \
a of. \ o ]
0.05 0.05[
o —p e P LT N
I3 5 7 9 11 13 15 17 19 I3 5 7 9 11 13 15 17 19
Morph length Morph length
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Morfessor

" Experiments
Agglutinative language (W £H3{):

Algonquian, namely Cree and Blackfoot Finnish  English z
Japanese, Korean, MOﬂgO“C, word tokens word types word types N
Tungusic, Turkic 10999 2209 2499 z
gusic, . 50000 20000 7200 Z0
Armenian, Athabaskan, Austronesian 50000 65 000 17000 =
Bantu, Eskimo—-Aleut , namely Aleut, 12 000000 110000 Z,
Inuktitut, and Yupik 16000000 1100000 -
many Uralic , namely Hungarian, Finnish
and Sami, etc. -
mnisl
. . 90
Learning a morph lexicon from S
D\ amma leng
word tokens vs. word types %0 N
Finnish Enelish %
90 - 2
* * _ X g 70 .I
\ Word types 70F - & X
%0 BN Word types Y
— \ —_ Word tokens " ~~ - 60 P
a2 \\ 32 e Exponential 7/
= g = 60+ h - /
g B 5" % | \ 30 40 50 60
270 \* E 7‘| R Recall [%0]
- = 3 = .
= Word tokens}: | T sor _T_| " Eva|uatIOﬂ Of
60 =¥ | |
30 10 50 4% 30 20 50 60 70 80
Recall [%] Recall [%]
Informmiton Managemeni Lab 10

Corpus of Finish and English

S

Word tokens vs. word types

l—-mniﬂ/

/.-"'

%

=

English
2 4 6 8 10 12 14
Tokens [million words|

English
70
Gamma length
o ;
/T —
6of XN
S LN
5 v
2 50 1'
£ Y
Exponential
40 !
60 70 80 90
Recall [%)]

the explicit gamma length prior




Data visualization

= Character frequency "o« "

8%

6%

4%

||‘|I|||‘I|I||||||I|.I||||.|III-..___|| ||| I|| || ||| Illll‘“

0%
-0123456789ABCDEFGHIJKLMNOPQRSTUVWXYZ _abcdefghijklmnopgrstuvwxyz
12%
10%
8%
m okcupid
6%
M naver
49 M english language
o I | I I 1 I“ 1 i Ill_
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Data visualization

= HIE % A2 morpheme

wls 48 o0 93 30 54 31 o 66 min

96 22 °°k0 989’1’8880m
2123 03 05 25187, %

okcupid.com N 3 S P »’
33a|?1(5j‘I /7me 83U1C:>|n 08 O I g ~ 09 97 mml\
man11'n§C1|2V|h22 528 ;#12 ‘_(u.)nzq- 50 @ e
P- o'?)g“'|24mmo\-h- d|01o 59 90 ¢
a 1 N O 13 07 89 dud
d bc 231321H Iove 19 814m

< 0 S rla 55 85
g JOO Ble 8414 46 87 lee 95 25 42 36 91 825

= naver.com
R 89 er

N m 86 the 23 27 18

G 10 26 love
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Data visualization

= HIEZ % A2| morpheme (ZIj8io 2 1M El)
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To do

U YD HE PR BEe £2 morph A
= Baseline classifier (X&) &4

= sl sl oA Ak g|= T A}

= S EAM FH

=~
o 23
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