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What is Language ldentification?

e Gold (1967): Given a document and a list of possible languages, in
what language was the document written? (e.g. English, German,
Japanese, Uyghur, ...)

e Orthography?

e A solved problem? (Muthusamy and Spitz 1996)
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An Example

What is the language of the following document:

Tabel periodik unsur-unsur kimia adalah tampilan unsur-unsur
kimia dalam bentuk tabel. Unsur-unsur tersebut diatur
berdasarkan struktur elektronnya sehingga sifat kimia unsur-unsur
tersebut berubah-ubah secara teratur sepanjang tabel. Setiap unsur
didaftarkan berdasarkan nomor atom dan lambang unsurnya.
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An Example

What is the language of the following document:

Tabel periodik unsur-unsur kimia adalah tampilan unsur-unsur
kimia dalam bentuk tabel. Unsur-unsur tersebut diatur
berdasarkan struktur elektronnya sehingga sifat kimia unsur-unsur
tersebut berubah-ubah secara teratur sepanjang tabel. Setiap unsur
didaftarkan berdasarkan nomor atom dan lambang unsurnya.

Indonesian
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Another Example

What is the language of the following document:

Kiingereza ni lugha ya Kigermanik cha Magharibi iliyokua nching
Uingereza.



Empirical Approaches to Multilingual Lexical Acquisition Lecture 3 (16/7/2008)

Another Example

What is the language of the following document:

Kiingereza ni lugha ya Kigermanik cha Magharibi iliyokua nching
Uingereza.

Swahili
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Yet Another Example

What is the language of the following document:

utery
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Yet Another Example

What is the language of the following document:
utery

Czech
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A Harder Example

What is the language of the following document:

11100011100000011010011011100011100000011001100111100
0111000000110101000
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A Harder Example

What is the language of the following document:

11100011100000011010011011100011100000011001100111100
0111000000110101000

A clue: 77?7
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A Harder Example

What is the language of the following document:

11100011100000011010011011100011100000011001100111100
0111000000110101000

A clue: 77?7

Japanese UTF-8 (te-su-to)
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Why Language ldentification?

e Language identification provides us with the means to automatically
“discover’ web data to convert into a corpus to perform lexical

acquisition over

e Also research on:

* mining interlinear text (e.g. ODIN)
* cleaning web text (e.g. CLEANEVAL)
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Basic Approaches

e Linguistically-grounded methods
e Similarity-based categorisation and classification

e Feature-based and kernel-based methods
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But, don't Websites Declare the Language
and Encoding in Metadata/headers?

e These are frequently:
* not there

* wrong (e.g. S-JIS, EUC-JP)

e Remember: users are competent “scrollers”, but “above the fold"
real estate still a premium
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Linguistically-grounded
Methods

10
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Early Attempts: Diacritics

e Intuition: a language has a certain set of “special characters”

e Example: French vs. English:

* Once we see one of a, ¢, 0... we know the document is in French
* ... unless we're talking about a résumé, or a prét-a-porter fashion
show, or...

e Choose a set of “special characters” for each language, and search
the document for them

11
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e Advantages:

* cheap analysis: characters appear, or not

e Disadvantages:

* overlapping diacritic sets

* short documents may not contain diacritics
* only sensible for European languages

* assumes we know the document encoding

12
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Early Attempts: Discriminating Character
N-grams

e Intuition: certain languages have certain strings which
only /frequently occur in that language

* English: “ery "
* French: “eux”
* ltalian: “cchi”

* Serbo-Croat: “l}”

e Notably, zucchini, killjoy...

13
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e Advantages:

* cheap analysis: sequence appears, or not

e Disadvantages:

* sequences may occur in multiple languages
* short documents may not contain given sequence
» only sensible for European languages (7)

14
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Early Attempts: Stop Word Lists

e Intuition: common words in one language do not occur in another
language

e Johnson (1993)

* List stop words, e.g.
« English: the, a, of, in, by, for...
x French: le, la, les, de, un, une, a, en...
« German: ein, das, der, die, in, im...
* Document has stop words from one language

e Requires (commonly available?) stop word lists

15
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e Advantages:
* cheap analysis: words in document X words in list
* more generous than simple discrimination

e Disadvantages:

* overlap of stop word sets
* short documents may not contain stop words
» only sensible for European languages (7)

16
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Similarity-based
Categorisation and
Classification

17
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Modelling Document Similarity: Cosine
Similarity
e Given two documents x and y, and their corresponding feature

vectors & and 1, respectively, we can calculate their similarity via
their vector cosine:

sim(z,y) =

Jackson and Moulinier (2002:pp32—6); Chakrabarti (2003:pp133-6) 18
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Cosine Similarity Example

e Calculate the cosine similarity of the following documents:

A — aardvark back abandon B _ aardvark abandonment
abandon abandon back back back
A = (1,3,0,1) B = (1,0,1,3)
= ¢ 1 3 0 1> = 1 0 1 3>
IERVAT IRV N ERRVAT RV ERRVANERVAT
ff E: \/11_1X\/11_1+\/31_1X0+0X\/11_1+\/11_1X\/31_1:i
1x1 11

Jackson and Moulinier (2002:pp32—6); |(Chakrabarti (2003:pp133-6) 19
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Modelling Document Distance: Relative
Entropy

e Given two documents = and y, and their corresponding feature
unit-length vectors £ and 1, respectively, we can interpret the
feature vector as a probability distribution and calculate the relative
entropy (or KL divergence):

D(z || y) = Z z;(logy T — logy yi)

or alternatively skew divergence:

sa(,y) = D(z || ay + (1 — a)z)

20
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e This causes considerable grief for our MLE-based probabilities:
why?

e A simplistic way of getting around this is via Laplacian smoothing:

- freq(cj) +1
P& = 50, frea(en)
Pafey) = 020 C) + L

freq(c;) +1

21
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Relative Entropy Example

e Calculate the relative entropy and skew divergence of the following

documents:
aardvark back abandon aardvark abandonment
abandon abandon back back back
241 2 212 4
A = (c550) B = (-,-,52)
9°9°9°9 9°9°'9°9

D(A|B) = Z a;(log, a; — log, b;)

22
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2 2 2 4 4 1
— Z(logZ —log2) + ~(log — — log =

9(0g9 0g9)+9(0g9 0g9)+

11 2. 2 9 A

“(log = —log 2) + Z(log = — log —

9(0g9 0g9)+9(0g9 Ogg)
~ 0.56

23
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Skew Divergence Example

e Calculate the relative entropy and skew divergence of the following

documents:

aardvark back abandon aardvark abandonment
abandon abandon back back back

A = (0.2,0.6,0.0,0.2) B = (0.2,0.0,0.2,0.6)

= Z a;(log a; —1og(0.99b; + 0.01a;))
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2(log 0.2 — 10g(0.99 x 0.2 + 0.01 x 0.2))
0.6(log 0.6 — 1og(0.99 x 0.0 4 0.01 x 0.6)) +
0(log 0.0 — log(0.99 x 0.2 + 0.01 x 0.0))
2(log 0.2 — 10g(0.99 x 0.6 + 0.01 x 0.2))

3.67

Q

25
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Nearest Neighbour Classifiers

e [here are various ways to combine these document—document
scores to form an overall categorisation function, e.g.:

e Method 1: index all training documents, and query the training
document set with each test document; classify the test document
according to the class of the top-ranked training document [1-NN]

e Method 2: index all training documents, and query the training
document set with each test document; classify the test document

according to the majority class within the £ top-ranked training
documents [k-NN]

Jackson and Moulinier (2002:pp148-9); |Chakrabarti (2003:pp133-6)

26
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e Method 3: index all training documents, and query the training
document set with each test document; classify the test document
according to the class with the best accumulative score [weighted

k-NN]J

e Method 4: index all training documents, and query the training
document set with each test document; classify the test document
according to the class with the best accumulative score based on
scores, factoring in an offset to indicate the prior expectation of
a test document being classified as being a member of that class

[offset weighted k-NN]

Jackson and Moulinier (2002:pp148-9); |Chakrabarti (2003:pp133-6)

27



Empirical Approaches to Multilingual Lexical Acquisition Lecture 3 (16/7/2008)

e Overall advantages of the nearest neighbour approach:

* simple

e Overall disadvantages of the nearest neighbour approach:

* expensive (in terms of index accesses)

* everything is done at run time (lazy learner)
* prone to bias

* arbitrary k value

Jackson and Moulinier (2002:pp148-9); |Chakrabarti (2003:pp133-6)

28
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Feature-based and
Kernel-based Methods

ackson and Moulinier (2002:pp148-9); Chakrabarti (2003:pp133-6)

29
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Bayesian Methods

e Learning and classification methods based on probability theory
e Build a generative model that approximates how data is produced

e Categorisation produces a posterior probability distribution over the
possible categories given a description of an instance

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 30
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Bayes’ Rule

P(C,X) = P(C|X)P(X) = P(X|C)P(C)

X[C)P(C)
P(X)

pclx) = 2L

Jackson and Moulinier (2002:pp129-134); |Chakrabarti (2003:pp147-55); [McCallum and Nigam (1998)
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Naive Bayes (NB) Classifiers

e Task: classify an instance D = (x1, xo, ..., x,) according to one of
the classes ¢; € C

c = arg ]é?é%( P(cjlz1, 22, ..., xp)

N P(x1, 22, ...,xn|c;) P(cj)
c;eC P(xl,xg,...,a:n)

= argmaxp($17x27---ax’n‘cj)P(Cj)
CjEC

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 32
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Simplifying Assumption

o P(c;)
* can be estimated from the frequency of classes in the training
examples [maximum likelihood estimate]
o P(x1,x9,....,Tp|c))

* O(|X|™C]) parameters (cannot be estimated in practice)

e Naive Bayes Conditional Independence Assumption:

* assume that the probability of observing the conjunction of
attributes is equal to the product of the individual probabilities
P(xi|c;) [hence “naive”]

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)
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The Final NB Formulation

e Applying the conditional independence assumption:

c = argmax P(z1,xg,...,2,|c;)P(c))
CjEC

= argmaxP C; HP z;|c;)

Jackson and Moulinier (2002:pp129-134); |Chakrabarti (2003:pp147-55); [McCallum and Nigam (1998)

34
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Estimating the Probabilities (1)

e The most obvious way of generating the probabilities is via
maximum likelihood estimation, using the frequency counts in
the training data:

N Jreq(cg)
Pleg) = > freq(cy)
p (zi]cj) = fT;fe(;E@'Cvjc)J)

e This is a very bad idea: why?

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 35
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Estimating the Probabilities (2)

e As before (c.f. relative entropy), a simplistic way of getting around
this is via Laplacian smoothing:

= freq(e;) +1
L) =5 req(en) + F
p(xi\cj) _ freq(xi,c;) +1

freq(c;) +1

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)



Empirical Approaches to Multilingual Lexical Acquisition

Lecture 3 (16/7/2008)

Naive Bayes in Action

Outlook  Temperature  Humidity = Windy Play
TRAINING DATA
sunny hot high FALSE no
sunny hot high TRUE no
overcast hot high FALSE yes
rainy mild high FALSE yes
rainy cool normal FALSE yes
rainy cool normal TRUE no
overcast cool normal TRUE yes
sunny mild high FALSE no
sunny cool normal FALSE yes
rainy mild normal FALSE yes
TEST DATA
sunny mild normal TRUE  (yes)

Jackson and Moulinier (2002:pp129-134)

e Priors:
_

P(yes) _55
P(no) = 1%

e Conditional probs:
P(Outlook = sunny|yes) = 2
P(Outlook = o’cast|yes) =
P(Outlook = rainy|yes) = ;3

_ __ 4

P(Outlook = sunny|no) = =
P(Outlook = o’cast|no) = 2
P(Outlook = rainy|no) = 2

e C(lassification of test instance T
P(yes|T) = 15 x (3 x 2 x 2
%) ~ 0.0068
P(no|T) = X (3X2x2x3)
0.011

; (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)

3

9

X

Y
Y

37
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Multivariate Binomial NB

e Represent each word as a binary feature (= DF model)
e Represent a document according to the word types it contains
e No indication of how often a given word occurs in a given document

e "Bag of word types’ document model

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)

38
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Multivariate Binomial NB: Mechanics

7]

P(D|c;) = H(ij(tﬂci) + (1 = B;)(1 — P(tjlc;)))

where B; € {0,1} indicates the presence or absence of the jth term
in D, 7 is the set of all terms, and

1+ 332, BiP(ci| Dy)

Pltlei) = 2+ 330, Pes| D)

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 39
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Multivariate Binomial NB: Example

e [est document:

we few, we happy few, we band of brothers

e Test document representation:

(0, 0, .1, .. 0 .. 1, .1, 1, ..0,..,1,..;, 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

Jackson and Moulinier (2002:pp129-134); |Chakrabarti (2003:pp147-55); [McCallum and Nigam (1998)

40
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e Shakespeare training document set:

then happy i, that love and am beloved
( 0, 0 ..,0, ... 0, ... 0, ...,0,...; 1, ..., 0, ...,0,..., 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

1f we shadows have offended
( 0, o ..,0 .. 0 .. 0 ..0,..,0 ..0 ...1,.... O )

aardvark aback band betwixt brothers few happy thee we zymogen

e Beatles training document set:

we can work it out
( 0, o ..,0, .. 0, ... 0, ..,0,...., 0, ...;0,...,1,...., O >

aardvark aback band betwixt brothers few happy thee we zymogen

sgt pepper’s lonely hearts club band
( 0, 0O ..,1,.. 0, ... 0, ..,0,...; 0, ....0, ...;0,..., 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)

41
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1+(0Xx1+1x14+1x04+0x0) _ 1

e P(we|Shakespeare) =

2+(141+0+0) — 2
_ 14+(0x0+1x0+1x14+0x1) _ 1
P(we|Beatles) = 3T (0T 0F11T) =3

P(band|Shakespeare) = 1HOX1HOX1H0xX0+1x0) _ 1

2+(1+1+0+0) — 1
_ 14+(0X04+0x04+0x14+1x1) 1
P(band|Beatles) = T (0T 0+ TET) =5

14+(1x14+0x140x040x0) 1

P(happy|Shakespeare) =

2-+(1+1+0+0) 2
1+(1X040X040x0+0x0
P(happy|Beatles) = H ><2++(0j<r0113;1)jL 2 = 4
o P(D|Shakespeare) = ((0x74+(1-0)x2)x (0x 14+ (1—-0)x2)x..x (1x
i%—(l—l) N xx(O0x:+(1-0)x3)x..x(Ixs+(1-1)%x3)x..x
(>< +(1—1) ) xox(Ixi4+4(1-1)x2)x...x(0x1+(1—-0)x2)x
><(1><%+(1—1)x%)x...x(OxiJr(l—O)x%))

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 42
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Multinomial NB

e Represent each word as an integer
e Represent a document according to the word tokens it contains

e Optionally include a term for P(L = Ip|c;) (to normalise for
document length)

e "Bag of word tokens” document model

e Assumes that (a) the position of a word in the document and (b)
the context of a word are irrelevant in classification

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998) 43
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Multinomial NB: Mechanics

| 7| ‘C
P(D|c;) = H J -

where Np ;. is the frequency of the jth term in D, ¥ is the set of
all terms, and:

14+ 7L Ny Plei| Dy)

P tci
(tles) = V| + S SV Nio Pes| D)

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)

44



Empirical Approaches to Multilingual Lexical Acquisition Lecture 3 (16/7/2008)

Multinomial NB: Example

e [est document:

we few, we happy few, we band of brothers

e Test document representation:

(0, 0, .1, .. 0, . 1, 2,y 1, 0,3, 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

e Assume | 7| = 100

Jackson and Moulinier (2002:pp129-134); |Chakrabarti (2003:pp147-55); [McCallum and Nigam (1998)

45
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e Shakespeare training document set:

then happy i, that love and am beloved
( 0, 0 ..,0, ... 0, ... 0, ...,0,...; 1, ..., 0, ...,0,..., 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

1f we shadows have offended
( 0, o ..,0 .. 0 .. 0 ..0,..,0 ..0 ...1,.... O )

aardvark aback band betwixt brothers few happy thee we zymogen

e Beatles training document set:

we can work it out
( 0, o ..,0, .. 0, ... 0, ..,0,...., 0, ...;0,...,1,...., O >

aardvark aback band betwixt brothers few happy thee we zymogen

sgt pepper’s lonely hearts club band
( 0, 0O ..,1,.. 0, ... 0, ..,0,...; 0, ....0, ...;0,..., 0 )

aardvark aback band betwixt brothers few happy thee we zymogen

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)
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_ 14(0X141x14+1X04+0x0) 2
e P(we|Shakespeare) = 1001 (815) = 113
_ 14(0X0+1x0+1x140x1) 2
P(we|Beatles) = 100+(5+6) — 111
14+(0x14+0x14+0x04+1x0) 1
P(band|Shakespeare) = 100+ (3+5) — 113
_ 14+(0x0+0x0+0x1+1x1) 2
P(band|Beatles) = 1001 (55-6) = 117
_ 14(1x140x14+0x04+0x0)
P(happy|Shakespeare) = 00T (315)
_ 14(1x040x0+0x040x0) _ 1
P(happy|Beatles) = 100+ (5+6) — 111
R a1 1
o P(D|Shakespeare) B, L= XL x - XL x -
PR 0 13 1 0

=

xS X

- X oo X S oox s

_3
or e N T3

=

Jackson and Moulinier (2002:pp129-134); (Chakrabarti (2003:pp147-55); McCallum and Nigam (1998)
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Results over the Yahoo Science Dataset

100

80

60

40

Classification Accuracy

20

Yahoo Science

Multinomial ——
Multi-variate Bernoulli -&---
10 100 1000 10000 100000

Vocabulary Size

Jackson and Moulinier (2002:pp129-134); |Chakrabarti (2003:pp147-55); [McCallum and Nigam (1998)
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Theoretical Properties of NB Models

Multiclass classification method

Parametric

only have to store attribute—value counts/probabilities for each
class, not the actual instances

Incremental

easy to add extra data to the classifier on the fly (implications
for weakly supervised learning)

Handles both nominal and continuous features

Simple (— fast)

49
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Practical Properties of NB Models

e Strong performer

e Highly robust over isolated irrelevant features (cf. decision trees)
e Very good at balancing up lots of “marginally relevant” features
e Unable to capture correlated attributes

e Actual posterior probability estimates tend to be awry, but as a
classification task, we are only interested in the relative values

e Nice handling of missing values (simply ignore them!)

50
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Extra Features in Text Categorisation

e There's lots more to web text categorisation than words:

* metadata

* domain of source page

* page structure

* link structure

* diachronic stability of page

* balance of different content types

* relative use of different HTML attributes
* well-formedness of HT ML

51
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OPEN ISSUES AND
SUMMARY

52
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Open Issues

e How well do existing techniques support language identification for
languages which form the bulk of the more than 7000 languages
identified in the Ethnologue?

e Can we treat LanglD as an open-class classification problem?
arg max.cco Im(c, D) vs. arg max.couc Im(c, D)

e What is the performance of the variety of LanglD systems in
environments where the amount of gold standard data for training

is small (e.g. 50/100/250 words or 50/100/250 characters)?

53
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e Can we move away from a one-to-one view of LanglD to a one-to-
many view?

* finer granularity (e.g. sentence, paragraph, section)
* in quantitative terms (e.g. a document is 95% English, 3% French
and 2% ltalian)

e Can we move away from |R-style evaluation criteria to produce
something more representative of reality?

* gradated judgements for source language

* gradated judgements for resource type

* possibly micro-level markup of the location of different languages
in the document
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Summary

e What is language identification?
e Why is language identification important?
e What issues arise in language identification?

e What methods are used?
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