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Une des premires tapes dans le traitement automatique du langage naturel des textes reus
d’une varit de sources est l'identification de la langue dans laquelle le texte a t crit. Ici, nous
comparons [utilit de deux schmas d’identification des langues. Ces techniques ne ncessitent au-
cune connaissance linguistique des langues traites. L’utilisation de la frquence des trigrammes
semble marcher mieux que la reconnaissance de mots courts pour l'identification des langues.
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1 The language 1dentification problem

With the current spread of world-wide Internet access, text is available in a great number of
languages other than English. Automatic treatments of these texts, for any purpose requiring
natural language processing, such as WWW indexing and interrogation or providing reading
aids (Bauer, Segond, Zaenen 1995), necessitate a preliminary identification of the language used.
For example, morphologically-based stemming has proven important in improving information
retrieval (Hull 1995) and applying language specific algorithms implies knowing the language
used. Likewise, any system that involves dictionary access must identify language to perform
language-specific lemmatization. This language identification problem can be seen as a specific
instance of the more general problem of classification of item using attributes (Sneath and Sokal
1973).

Here, we compare two techniques for automatic language identification given machine read-
able text! using easily calculable attributes. One technique uses letter trigrams (sequences of
three letters) and was previously described (Beesley 1988) and (Cavnar 1993) . The other tech-
niques is based on common short words, such as those given in (Ingle 1976). Variations of these

1See Sibun and Spitz(1994) for a technique for identifying language of scanned documents.



Dan Dut Eng Fre Ger Tta Nor Por Spa Swe
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der _ee er_. re. di no. te. _se ent och
i het of on. ung _in han . es_ an_

Figure 1: Most frequent trigrams per language derived from the ECI Multilingual Corpus.

techniques are presented here. Both techniques are applied to the same test suite and their
results are evaluated.

2 Trigram Technique

The trigram technique calculates the frequency of sequences of three letters in a large language
sample. The idea is to capture the intuition that, for example, a word ending in -ck is more
likely to be an English word than a French word, just as a word ending in -ez is more likely to
be French.

For an implementation of trigram frequency, we began with the recently available ECI CD-
ROM?2. From this collection of texts, we collected trigram statistics, using the first million
character of text in each of the following languages: Danish, Dutch, English, French, German,
Italian, Norwegian, Portuguese, Spanish, and Swedish.

Each text was tokenized using the space as sole separator, and an underscore was added
before and after each token in order to mark initial and terminal bigrams. All three-character
sequences were counted. Figure 1 gives the most frequent trigrams derived for each language.
As attributes for each language, all trigrams appearing more than 100 times were retained. Each
language was characterized by between 2550 and 3560 such trigrams. The probability of a given
trigram in a given language was approximated by by summing the frequencies of all the trigrams
retained for that language, and then dividing each frequency by this total sum.

The probabilities were used to guess the identity of a given sentence by dividing the sentence
into trigrams, and calculating the probability of the sequence of trigrams for each language,
assigning a minimal probability to each unseen trigram. The most probable language is chosen
as the identity.

2See http://www.cogsci.ed.ac.uk/elsnet/eci.html for information on how to obtain this data.
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Figure 2: Most frequent short tokens per language derived from the ECI Multilingual
Corpus.

3  Small Word Technique

Intuitively, common words such as determiners, conjunctions and prepositions are good clues
for guessing a language. These words are often short. The second language guessing method is
based on these intuitions.

This method uses the same ECI corpus data as the first but derives different language
attributes from it. The first million characters of text for each language was tokenized as above,
and all tokens of five characters or less were extracted. These were counted for each language,
and words appearing more than three times were retained. Figure 2 shows the most frequently
appearing short words for each language treated. There were between 980 and 2750 such short
and common words for each language. The frequencies of these words were transformed into
probabilities as in the first method.

Given a new sentence to guess, the sentence is tokenized. Tokens appearing in the short
word Isit are assigned their probabilities and tokens not in the list are assigned a minimum
probability. The probability that a sentence belongs to a given language is taken as the product
of the probabilities of each token.

4  Test and Evaluation

A test corpus was made for each language® by extracting the second million characters for
each treated language from the ECI CD-ROM. Each test corpus was divided into sentences by

3There was not enough new data to test Swedish, but Swedish was still retained as a possible language
while guessing sentences in other language. So each sentence presented to the guesser was picked as one
out of ten languages. If all languages were equally likely, an eleventh choice of “I don’t know”, written
222  was another alternative.



Number of Words in Sentence

lor2 3-5 6-10 11-15 16-20 21-30 31-50 morethan 50

Danish
trigram  92.6 97.2 97.9 99.3 99.9 99.9 99.9 99.7
short  40.5 61.6 91.8 94.8 95.5 94.3 92.5 100.0
Dutch
trigram  70.6 91.3 98.9 99.7 100.0 99.9 100.0 100.0
short  47.1 84.2 98.5 99.2 99.5 99.6 99.9 100.0
English
trigram  78.9 97.2 99.5 99.9 99.9 100.0 99.9 100.0
short  52.6 87.7 97.3 99.8 99.9 100.0 99.9 100.0
French
trigram  69.2 93.0 94.5 93.6 99.8 100.0 99.9 100.0
short  30.8 81.8 96.0 97.2 99.8 100.0 100.0 100.0
German
trigram  90.3 97.2 99.3 99.8 99.9 100.0 100.0 100.0
short  23.1 71.6 89.6 98.2 99.8 100.0 100.0 100.0
Italian
trigram  58.8 92.9 99.6 100.0 100.0 100.0 100.0 100.0
short  16.7 65.0 96.9 99.8 100.0 100.0 99.9 100.0
Norwegian
trigram  70.8 91.3 98.1 99.5 99.7 99.9 99.9 100.0
short  87.5 97.4 99.2 99.8 99.9 100.0 100.0 100.0
Portuguese
trigram  83.5 96.6 99.4 99.9 100.0 99.9 100.0 100.0
short  51.1 88.9 98.2 99.7 99.9 99.9 100.0 100.0
Spanish
trigram  73.8 86.9 97.3 99.0 99.8 99.9 99.9 100.0
short 8.1 81.5 98.8 99.7 100.0 100.0 100.0 100.0

Figure 3: Average number of Correct Language Identifications, in function of sentence
length and whether trigrams or short words were used. The system had to choose among
ten languages.

declaring every period followed by a word beginning with a capital letter as a full-stop.

First using the trigram attributes and then the short word attributes, each sentence was
then fed into the language guesser, and we recorded what language was guessed. Figure 4 shows
which languages caused confusion for which method. A breakdown of the results are shown
in Figure 3. This breakdown shows that either method works well on long sentences and that
trigrams are most robust for shorter sentences.

This can be expected. In shorter sentences there is a greater chance that no language-
characteristic small word is used. Shorter sentences are often titles or section headings in this
corpus, and these heading words often contain characteristic trigrams, even in the absence of
small words which explains the better performance of the first method for sentences of 5 or
fewer words. Once sentences become longer, fifteen words or more, both methods appear to
work equally well.



Danzsh
6657 dan
26 nor
13 ger

5 ita

5 dut

3 swe

3 fre

3 eng

1 por
Ttalian
5880 ita
19 dan
13 por
10 spa
9 fre

5 dut

4 ger

3 eng

1 nor

Danzsh
6032 dan
286 nor
275 777
85 swe
25 fre

5 ger

3 dut

2 por

1 spa

1 ita

1 eng
Ttalian
5742 ita
97 777
35 dan
18 por
15 nor
11 ger
9 spa

8 fre

5 swe

3 dut

1 eng

Figure 4: Confusion matrix. Shows for each language, and each method, which languages
were guessed over entire test corpus. 777 signifies that all languages were equally probable.

Trigram Method

Dutch
6969 dut
24 ger

12 fre

8 eng

4 dan

2 spa

2 nor

1 por

1 ita
Norwegian
12980 nor
128 swe
26 ger

23 dan

8 eng

2 ita

2 dut

1 por

FEnglish
7856 eng
7 ger

3 ita

2 spa

2 por

2 fre

2 dut

Portuguese
8699 por
44 spa

19 ita

13 ger

9 fre

6 eng

2 dut

1 swe

French
5013 fre
28 ger
25 spa
19 ita

7 por

2 dut

1 nor

1 eng

Spanish
5287 spa
75 por
12 1ta

7 ger

6 fre

2 eng

1 nor

1 dut

Small Word Method

Dutch
6914 dut
61 777
17 spa
9 ger
8 eng
5 fre
4 swe
2 nor
2 dan
1 por

Norwegian
13102 nor
49 swe

8 dan

2 ita

2 ger

2 fre
2777

1 spa

1 eng

1 dut

English
7808 eng
39 nor

8 por

6 ger

6 777

3 swe

2 fre

2 dut

Portuguese
8505 por
140 777
69 spa
26 ita
14 ger
12 fre

9 eng

8 dut

6 swe

3 nor

2 dan

French
5023 fre
24 ita
14 spa
13 777
7 por
4 swe
4 dan
3 ger
2 nor
2 dut

Spanish
5150 spa
198 777
23 por
16 ita

3 fre

1 ger

German
5902 ger
10 dut
6 por

5 fre

5 eng

4 dan

3 spa

2 swe

2 ita

German
5590 ger
125 777
92 fre
56 dan
33 por
14 ita
11 swe
7 dut

5 nor

5 eng

1 spa




5 Conclusion

We have presented two techniques for identifying a language using non-linguistic corpus-derived
attributes, trigrams or short words. Between 1000 and 4000 attributes were derived for each
language under either method.

Both methods are easy to implement. Using short words is slightly more rapid in execution
since there are less words than there are trigrams in a given sentence, and each sentence attribute
contributes a multiplication to the probability calculation.
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