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Abstract

This paper discusses the problem of
language, script, and encoding (LSE)
identification for written text based on
string kernel classifiers. We describe
three increasingly efficient methods of
string kernel computation, including
explicit mapping, brute-force match-
ing, and suffix tree matching. To per-
form LSE identification, the string ker-
nel is incorporated with two differ-
ent kernel classifiers: the kernelized
centroid-based method and the support
vector machine classifier. We present
experimental results based on subsets
of UDHR collection, consisting of 10
LSE schemes used in India and 24 LSE
schemes used in Africa.

1 Introduction

Language, script, and encoding (LSE) identifi-
cation is one of major challenges in Web Lan-
guage Engineering (WLE) research. WLE is
established to study about techniques in pro-
cessing the languages using in the publishing
web documents. Although more than 6,900
languages reported by the Ethnologue (Gordon,
2005) are currently used all over the world, only
a small number of them has been used in the
cyberspace. Many efforts have been making to
prevent the fall-off in using minority languages
in the online community and less-computerized
languages. The objective of WLE is to analyze
statistics of existing web documents in the as-
pects of LSE schemes to raise awareness about
the minority languages in the Internet and stim-
ulate the development of web documents in the
less-computerized languages.

The mechanism of automatically identifying
LSE information from text body itself is ex-
tremely desired for WLE research. Unlike
speech input, text does not demonstrate the
variability associated with speech, e.g., speech
habits, speaker emotion, etc (Muthusamy et al.,

1996). One may think that language identifica-
tion for written text is a simple problem. This
is probably true when identification is performed
on a set of languages written with different en-
codings. For example, in our preliminary study
we experimented on a textual data set, contain-
ing Chinese and Japanese languages. Each lan-
guage was composed of text samples written in
3 encodings: BIG5, GB2312 and UTF-8 for Chi-
nese; and EUC-JP, SJIS, and UTF-8 for Japanese.
Thus, we finally had 6 LSE combination classes
to be identified. By testing with several classifi-
cation methods, we achieved the accuracy up to
99%, since the range of encodings is well sepa-
rated. However, the situation may be more dif-
ficult, if the data set is composed of languages
written in the same script and encoding. For
example, both Hindi and Magahi languages are
written withDevanagariscript and encoded with
UTF-8. One possible solution to deal with this
case is to use some linguistic resources such as
monolingual dictionaries. Unfortunately, obtain-
ing such dictionaries for all considered languages
is very expensive. An alternative approach is to
obtain features of each language extracted from
available documents such as unique words fre-
quently used in particular languages (Lins and
Gonçalves, 2004). However, identification based
on the word level comparison does not tolerate to
spelling errors.

Another direction of the LSE identification
techniques is based onn-gram language mod-
els. In (Dunning, 1994),n-gram models are
applied with Markov assumptions in order to
capture the dependency among grams. The bi-
grams and trigrams are computed using the max-
imum likelihood estimate (MLE) and associated
with Bayesian decision theory for classification.
However, a crucial problem ofn-gram models is
the data sparseness in training set. Some smooth-
ing techniques have to be applied to deal with
bias probabilities for potentially missing grams
(Peng et al., 2003). In (Cavnar and Trenkle,
1994), a simple counting is used to select most
frequently occurredn-grams in training data.



Based on the concept of Zipf’s Law, the resulting
n-grams are ranked according to their frequen-
cies and kept as a profile. To identify a new text,
the sum of the out-of-place measure is calculated
from the changes of gram’s positions between the
profile and the new text to find the closest profile.

In this paper, we propose a statistical learning
approach to LSE identification based on string
kernel classifiers. Our approach does not require
linguistic presuppositions about the data such as
word boundaries for unsegmented text. In partic-
ular, we consider the text in a more fine-grained
encoding as the string of bytes. The similar-
ity between two strings can be computed by us-
ing a string kernel function. The basic idea of
string kernel computation is to count the number
of substrings in common between two strings.
We discuss three increasingly efficient methods
of string kernel computation. We first explain a
simple method based on explicit mapping, and
further describe two more sophisticated methods
that attempt to compute the string kernel using
the concept of pattern matching. Here we mainly
focus on string kernel computation for contigu-
ous substrings. Comprehensive evaluations con-
ducted by (Lodhi et al., 2002) indicate that the
string kernel with contiguous substrings (also re-
ferred as then-gram kernel) works surprisingly
well compared to non-contiguous substrings and
the standard word kernel on the text classification
task. We combine the string kernel with two ker-
nel classifiers, including the kernelized centroid-
based method and the support vector machine
(SVM) classifier. We provide empirical evidence
that applying the proposed approaches to LSE
identification yields an impressive performance.

The remainder of the paper is organized as fol-
lows. Section 2 discusses important concepts of
string kernel computation, while Section 3 de-
scribes how to combine string kernels with two
different kernel classifiers. In section 4, we pro-
vide experimental results. Finally, we conclude
in Section 5 with some directions of future work.

2 String Kernel Computation for
Contiguous Substrings

We first introduce some notation. LetΣ be a
finite collection of characters (or symbols). A
string is a list of charactersu = (u1 . . . u|u|)
where|u| is the length of the string, anduv =
(u1 . . . u|u|v1 . . . v|v|) is the concatenation of two
strings. LetΣi be the set of all finite substrings

of lengthi. Thus, the set of all substrings of any
length can be expressed as:

Σ∗ =
∞⋃
i=0

Σi . (1)

Given two stringsu, v ∈ Σ∗ where|u| ≥ |v|,
we define the index set as (Herbrich, 2002):

Iv,u = {i : (i + |v| − 1) | i ∈ {1, . . . , |u|−|v|+1}} ,
(2)

which is the set of all contiguous substrings of
length |v| in |u|. Let i = (i1 . . . ir) with 1 ≤
i1 < . . . < ir ≤ |u| be an index vector, and
u[i] = (ui1 . . . uir) be a substring. We say thatv
is a substring ofu if there exists an index vector
i ∈ Iv,u such thatv = u[i].

2.1 Explicit Mapping

The idea of explicit mapping is to represent a
string as a feature vector of all possible sub-
strings of (up to) lengthr, and compute the in-
ner product of any two strings directly. LetI(α)
be the indicator function on a predicateα. Given
a fixed lexiconL ⊂ Σ∗, the mapping function
Φ : Σ∗ → H that maps a string fromΣ∗ to a
feature spaceH can be written as:

Φ(v) = λ|s|
∑

i∈Is,v

I(s = v[i]) , (3)

whereλ is an arbitrary weight of the matched
substring, ands is a word inL.

Let us describe how the string kernel can be
computed with explicit mapping through an ex-
ample. Consider two stringsu = (yzxxz) and
v = (xyzxxxy), where1 ≤ r ≤ 2 andΣ =
{x, y, z}. Consequently, the set of finite sub-
strings becomesΣ1 ∪ Σ2, which is equal to the
set of tokens inL. We then perform mapping the
two strings to their corresponding feature vec-
tors. By organizing all possible substrings in the
lexicographic order, for substrings inΣ1, we get

Σ1 Φ1(u) Φ1(v) Φ1(u) · Φ1(v)
x 2λ1 4λ1 8λ2

y λ1 2λ1 2λ2

z 2λ1 λ1 2λ2

Thus, we can simply compute the value forK1

by

K1(u, v) = 8λ2 + 2λ2 + 2λ2 = 12λ2.



For substrings inΣ2, we obtain

Σ2 Φ2(u) Φ2(v) Φ2(u) · Φ2(v)
xx λ2 2λ2 2λ4

xy 0 2λ2 0
xz λ2 0 0
yx 0 0 0
yy 0 0 0
yz λ2 λ2 λ4

zx λ2 λ2 λ4

zy 0 0 0
zz 0 0 0

Similarly, we can compute the value forK2 by

K2(u, v) = 2λ4 + λ4 + λ4 = 4λ4.

Finally, the overall value of the kernel between
the two stringsu andv is

Kr(u, v) = K1(u, v) + K2(u, v) = 12λ2 + 4λ4.

2.2 Brute-Force Matching

The explicit mapping method that we just de-
scribed needs to define the lexiconL, so we
have to extract all possible substrings from the
data to constructL. The computational time
of the native extraction may be prohibitive (see
(Yamamoto and Church, 2001) for more details
on this issue). This motivates a more general
method for computing the string kernel based
on a dynamic alignment. The idea is to count
the number of substrings in common between
two strings using a simple pattern matching tech-
nique. Focusing on all substrings of the maxi-
mum lengthr, the string kernel for the dynamic
alignment can be expressed as (Herbrich, 2002):

Kr(u, v) =
r∑

i=1

λ2i
∑
s∈Σi

∑
i∈Is,u

∑
j∈Is,v

I(s = u[i] = v[j ]) ,

(4)
which can be implicitly computed by using the
following recursion:

Kr(u1u, v) =


0, if |u1u| = 0;

Kr(u, v) +
∑|v|

j=1 λ2 ·K ′
r(u1u, v),

otherwise,
(5)

K ′
r(u1u, v1v) =



0, if r = 0;
0, if |u1u| = 0;
0, if |v1v| = 0;
0, if u1 6= v1;(
1 + λ2 ·K ′

r−1(u, v)
)
,

otherwise.
(6)
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Figure 1: Substring matching of an inner itera-
tion starting at the leftmost character ofu.

The interpretation of this recursion is straight-
forward. Equations (5) and (6) can be consid-
ered as the outer and the inner iterations, respec-
tively. Each outer iteration begins with the cur-
rent leftmost character and proceeds through the
rightmost character ofu, whereas each inner iter-
ation performs comparison of substrings inu and
v up to the lengthr. As a result, we can think of
this process as brute-force matching that searches
all substrings ofu in v, which its computational
complexity isO(r|u||v|).

Figure 1 shows an example (taken from the
previous example described in Section 2.1) of
substring matching of an inner iteration starting
at the leftmost character ofu. A caret beneath a
character indicates a match and a star indicates a
mismatch. When a substring is found, a score of
the kernel is computed and stored. The follow-
ing table lists all the matches betweenu andv,
where the first column shows the starting charac-
ters ofu, the second column shows the matched
substrings inv (the subscript in each character
indicates the matched position), and the last col-
umn shows their scores.

u v[i] score

y y2, y2z3, y7 2λ2 + λ4

z z3, z3x4 λ2 + λ4

x x1, x4, x4x5, x5, x5x6, x6 4λ2 + 2λ4

x x1, x4, x5, x6 4λ2

z z7 λ2

By summing all the scores, the value of the
kernel between the two stringsu andv becomes
Kr(u, v) = 12λ2 + 4λ4 , which is exactly equal
to the value of explicit mapping computation.
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Figure 2: Suffix tree for the stringv =
xyzxxxy$.

2.3 Faster Matching with Suffix Trees

As mentioned earlier, the computational com-
plexity of brute-force matching is quadratic in
the lengths|u| and |v|, since it performs itera-
tive searches inv for every substring inu. How-
ever, it is possible to accelerate the kernel com-
putation that has the complexity on the order of
|u|+ |v| by applying a data structure called suffix
trees (Gusfield, 1997). The suffix trees have been
widely used in computational sequence analysis,
e.g., checking DNA sequences against a database
and searching queries in a large text corpus. The
idea is to first preprocess the target string by rep-
resenting it with a suffix tree, and then use this
suffix tree to answer the queries. This leads to a
very efficient method in which the search time is
proportional to the size of the queries rather than
the size of the target string.

In our context, given a stringv, we need to
build a suffix tree forv in O(|v|) time. Then,
given a query substringu[i] with the lengthr, we
can determine whetheru[i] is a substring ofv in
O(r) time. If u[i] occurs inv preciselyk times,
then we can find all occurrences inO(r+k) time
(Gusfield, 1997). We perform lookup at most|u|
times according to the length ofu. Thus, the
overall time complexity for computing the kernel
isO(c|u|+|v|), wherec = r+k. By applying the
Ukkonen’s algorithm (Ukkonen, 1995), we can
build the suffix tree in the linear time correspond-
ing to the size of a given string. The Ukkonen’s
algorithm has an on-line property that can con-
struct the suffix tree incrementally without scan-
ning the entire string.

Figure 2 shows the suffix tree for the string
v = (xyzxxxy$) taken from the previous ex-

ample in Section 2.1 (added with the termination
character $). Based on the data structure of the
suffix tree, we derive two important properties,
including (a) the unique path from the root to a
leaf node corresponds to a suffix (denoted by the
number below that leaf node), and (b) the number
of all leaf nodes in the subtree below the point of
the last match indicates all occurrences of a sub-
string.

For example, in order to determine whether a
substringu[i] = yz occurs inv and find its occur-
rences, we match the characters ofu[i] along the
unique path from the root untilu[i] is exhausted.
Thus, from the property (b), we can conclude that
y occurs 2 times andyz occurs 1 time inv. The
kernel score can be computed using Equation (4),
where the inner sum can be efficiently obtained
in a constant time. The following table lists all
the matches betweenu and v, where the num-
ber of all occurrences of substrings in common is
given in parentheses.

u v[i] score

y y(2), yz(1) 2 · λ2·1 + 1 · λ2·2 = 2λ2 + λ4

z z(1), zx(1) 1 · λ2·1 + 1 · λ2·2 = λ2 + λ4

x x(4), xx(2) 4 · λ2·1 + 2 · λ2·2 = 4λ2 + 2λ4

x x(4), xz(0) 4 · λ2·1 = 4λ2

z z(1) 1 · λ2·1 = λ2

Again, by summing all the scores, we get the
same value of the kernel as in the explicit map-
ping computation and the brute-force matching
method, which isKr(u, v) = 12λ2 + 4λ4. Al-
gorithm 1 provides an outline of the string ker-
nel computation with the suffix tree. The algo-
rithm starts by building the suffix tree forv based
on the Ukkonen’s algorithm. It then iterates over
all substrings ofu to find their matches with the
maximum lengthr. Note that, in the implementa-
tion, it is unnecessary to start from the first char-
acter of the substring in the inner loop every time.
Since the search always walks through the same
unique path for each substring, the value of the
kernel can be computed accumulatively.

3 Kernel Classifiers

So far we have discussed several algorithms for
string kernel computation. To perform classifi-
cation, we can combine such algorithms with ar-
bitrary kernel classifiers. Here we focus on two
kernel classifiers: the kernelized version of the
centroid-based method and the SVM classifier.



Algorithm 1 Suffix tree matching string kernel
computation

Input: Stringsu andv, the maximum sub-
string lengthr, and the weightλ.
Output: The kernel scoreKr(u, v).

1: // Build a suffix tree forv using Ukkonen’s
algorithm

2: S(v)←− UkkonenBuild(v)
3: Kr(u, v)←− 0
4: for i = 1, 2, . . . , |u| do
5: initialize a substring u[i] with i =

(i1, . . . , ir)
6: for j = 1, 2, . . . , r do
7: match u[i1, . . . , ij ] along the unique

path ofS(v)
8: if u[i1, . . . , ij ] is exhaustedthen
9: n←− number of all leaf nodes in

the subtree below the point of
the last match

10: Kr(u, v)←− Kr(u, v) + n · λ2j

11: end if
12: end for
13: end for

3.1 Kernelized Centroid-Based Method

The centroid-based method is a simple but ef-
fective classifier. The idea of the algorithm is
closely related to the Cavnar and Trenkle’s al-
gorithm (Cavnar and Trenkle, 1994) that tries
to construct the language profile from training
data, but we use the centroid (or mean) vec-
tor as the profile and apply the squared Eu-
clidean distance instead of the out-of-place mea-
sure. Training samples are pre-categorized ac-
cording to their languages, forming the disjoint
subsetsC1, . . . , Cm. Using the mapping function
Φ, the centroid vector for eachCj can be calcu-
lated by:

mj =
1
|Cj |

∑
v∈Cj

Φ(v) . (7)

We can classify a new stringu as a member of the
centroidC∗ with the minimum squared Euclidean
distance:

C∗ = argminj ‖ Φ(u)−mj ‖2 . (8)

By replacing (7) in (8), we obtain:

‖ Φ(u)− 1
|Cj |

∑
v∈Cj

Φ(v) ‖2 . (9)

If we further expand (9) and writeKr(·, ·) for
inner product terms, we can derive:

Kr(u, u)− 2
|Cj |

∑
v∈Cj

Kr(u, v)+
1
|Cj |2

∑
v,w∈Cj

Kr(v, w) .

(10)
However, it is unnecessary to compute the first
term in (10), since it is a constant and does not
affect classification ofu to the centroid vector.
Furthermore, one can notice that the third term
is fixed for eachCj , so it can be pre-computed
and stored. There remains only the second term
to be computed during the classification process.
Thus, the discriminant function can be eventually
written as:

C∗ = argminj
−2
|Cj |

∑
v∈Cj

Kr(u, v) + γj , (11)

where

γj =
1
|Cj |2

∑
v,w∈Cj

Kr(v, w) . (12)

3.2 SVM Classifier

Based on the structural risk minimization prin-
ciple from the statistical learning theory (Vap-
nik, 1995), support vector machines have been
applied to many real world applications with re-
markable performance. A simple formulation of
the SVM classifier can be explained through the
binary classification problem, which attempts to
separate the data into two categories correspond-
ing to yi = 1 andyi = −1. We note that it can
be extended to the multi-class classification us-
ing some techniques such as the pairwise binary
classification (Hsu and Lin, 2002).

Given training samples(v1, y1), . . . , (vl, yl),
in order to obtain the hyperplane having the max-
imum margin with the closest training samples,
we consider the following primal optimization
problem:

minimize: V(w, b, ξ) =
1
2
‖w‖2 + C

l∑
i=1

ξi

(13)
subject to: yi(w·Φ(vi)+b) ≥ 1−ξi, ξi ≥ 0 ,

(14)
whereξi is a slack variable, andC is a parameter
for controlling the tradeoff between the training
error and the maximum margin.

In practice, we work with its dual form in-
stead of directly solving the primal problem by



Bengali.Bengali.UTF-8
Gujarati.Gujarati.UTF-8
Hindi.Devanagari.UFT-8
Kannada.Kannada.UTF-8
Magahi.Devanagari.UTF-8
Marathi.Devanagari.UTF-8
Punjabi.Arabic.UTF-8
Sanskrit.Devanagari.UTF-8
Saraiki.Arabic.UTF-8
Tamil.Tamil.UTF-8

Table 1: LSE schemes of India10
data set.

Afrikaans.Latin.ISO-8859-1 Malagasy.Latin.ISO-8859-1
Arabic.Arabic.UTF-8 Nyanja-Chechew.Latin.ISO-8859-1
Bambara.Latin*.UTF-8 Nyanja-Chinyanja.Latin.ISO-8859-1
Bemba.Latin.ISO-8859-1 Oromiffa.Latin.ISO-8859-1
English.Latin.ISO-8859-1 Portuguese.Latin.ISO-8859-1
Ewe.Latin*.UTF-8 Somali.Latin.ISO-8859-1
Fon.Latin*.UTF-8 Spanish.Latin.ISO-8859-1
French.Latin.ISO-8859-1 Swahili.Latin.ISO-8859-1
Hausa.Latin.ISO-8859-1 Themne.Latin*.UTF-8
Ibibio.Latin.ISO-8859-1 Tonga.Latin.ISO-8859-1
Italian.Latin.ISO-8859-1 Yoruba.Latin.UTF-8
Lingala.Latin.ISO-8859-1 Zulu.Latin.ISO-8859-1
Latin* = Latin alphabet using some additional phonetic characters

Table 2: LSE schemes of Africa24 data set.

introducing Lagrange multipliersαi and using
the Kuhn-Tucker condition. When we success-
fully solve the dual problem, we can get the val-
ues of variablesw andb. Only samplesvi that
lie closest to the hyperplane have nonzero val-
uesαi, which are calledsupport vectors. Given a
new stringu, we classify it by using the follow-
ing decision function:

f(u) = sgn
( ∑

i

αiKr(vi, u) + b
)

. (15)

4 Experimental Results

4.1 Data Sets

The text collection of Universal Declaration of
Human Rights (UDHR)1 was used in our experi-
ments. The UDHR can avoid the domain depen-
dence problem (Dunning, 1994) in LSE identi-
fication problem, since it consists of 332 trans-
lated texts. We derived 2 subsets of UDHR ac-
cording to languages used in 2 different regions
of the world (Nakanishi, 1998). Tables 1 and 2
show the considered languages (labeled with lan-
guage.script.encoding format) forming India10
and Africa24 data sets, respectively. The text
sizes range between 18-38 Kbytes in India10,
and 9-17 Kbytes in Africa24.

During preprocessing, we skipped headers but
stored the content lines. In India10, we randomly
extracted 150 samples from each text to form
training and test sets. As a result, we obtained
1,500 samples, and the length of each sample was
fixed at 100 bytes. In Africa24, we also gener-
ated 150 samples, but the length of each sample
was reduced to 50 bytes due to its smaller text
size. We obtained 3,600 samples on this data set.
The results reported in the following section were

1The collection of translations is available athttp:
//www.unhchr.ch/udhr. For Indian translations, see
http://gii.nagaokaut.ac.jp.

averaged over 5 trials of random extractions. In
each trial, we performed stratified 3-fold cross
validation.

In experiments, we also considered 2 condi-
tions that affect the performance of LSE identifi-
cation, including (1) the amount of training sam-
ples and (2) the length of test strings. These con-
ditions were varied from the initial setting. In In-
dia10, we gradually decreased training data with
sizes of 10, 5, and 2 Kbytes per language. In
Africa24, training data were varied by 5, 2.5, and
1 Kbytes per language.

For the purpose of comparison, we used
TextCat software2 that is an implementation
based on (Cavnar and Trenkle, 1994) as the base-
line. We implemented our LSE classifiers, the
string kernel SVM classifier (SKSVM) and the
kernelized centroid based method (KCB), based
on LIBSVM (Chang and Lin, 2004). We adapted
an implementation of a suffix tree3 that can per-
form the Ukkonen’s algorithm. We fixed the
maximum substring lengthr = 5 for all the clas-
sifiers. For kernel computations, we fixed the
weight of matched substrings atλ = 1.5.

4.2 Results

Figure 3 shows identification accuracy on In-
dia10 data set by varying the size of training
data and the length of test strings. SKSVM out-
performs both KCB and TextCat on all settings.
We can see that the performance of all classi-
fiers drops as the size of training samples de-
creases. SKSVM produces a reasonable gap of
accuracy when all the training samples are avail-
able. This indicates the generalization capabil-
ity of SKSVM over other classifiers. KCB and

2http://www.let.rug.nl/˜vannoord/
TextCat.

3http://cs.haifa.ac.il/˜shlomo/
suffix_tree.
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Figure 3: Identification accuracy on India10 with 10, 5, and 2 Kbtyes training data per language.
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Figure 4: Identification accuracy on Africa24 with 5, 2.5, and 1 Kbtyes training data per language.

TextCat demonstrate the similar trend of accu-
racy curves on 10 and 5 Kbytes subsets.

Figure 4 shows identification accuracy on
Africa24 data set. With the initial setting (5
Kbytes per language), SKSVM yields the best
result, following by TextCat and KCB. TextCat
shows a good performance on this data set. It
outperforms SKSVM and KCB on some settings,
especially when we reduced the size of training
data to just 1 Kbytes per language. Note that
Africa24 data set is mostly composed of ISO-
8859-1, which is a single-byte character encod-
ing. This is in contrast to India10 data set where
contains UTF-8, which is a variable-length char-
acter encoding. The different properties of data
sets indicate the discrimination power of the can-
didate classifiers. From the accuracy curves,
we observe that identifying LSE on India10 is
harder than Africa24, since the performance does
not significantly increase as the training size in-
creases.

To present the identification results more
clearly, Figures 5 and 6 show confusion matrices
generated by SKSVM and TextCat on India10

with 5 Kbytes training data per language. Rows
indicate the actual class labels, where only the
language names are shown. Columns indicate the
identification results. We can see that it is easy
to identify languages written in different scripts,
such as Tamil, Kannada, Gujarati, and Bengali.
However, both SKSVM and TextCat suffer from
the ambiguity between Saraiki and Punjabi, since
these two languages are written in the sameAra-
bic script and UTF-8 encoding. Another ambigu-
ity occurs inDevanagariscript, including San-
skrit, Marathi, Magahi, and Hindi. These case
examples issue a challenge to further studies to
identify languages that use a very similar writing
system.

5 Conclusion and Future Work

We have discussed LSE identification based on
string kernel classifiers. First, we introduce sev-
eral ideas of the string kernel computation for
contiguous substrings. Then, two kernel classi-
fiers are described. The classifiers can combine
the string kernel as the core module for com-
puting the similarities among text samples. Fi-



Language 0 1 2 3 4 5 6 7 8 9
Tamil 0 50 . . . . . . . . .

Saraiki 1 . 46 . 4 . . . . . .
Sanskrit 2 . . 47 . 1 1 . 1 . .
Punjabi 3 . 9 . 41 . . . . . .
Marathi 4 . . 3 . 43 . . 4 . .
Magahi 5 . . . . 5 38 . 7 . .

Kannada 6 . . . . . . 50 . . .
Hindi 7 . . 1 . 8 9 . 32 . .

Gujarati 8 . . . . . . . . 50 .
Bengali 9 . . . . . . . . . 50

Figure 5: Confusion matrix on India10 with 5
Kbytes training data generated by SKSVM.

Language 0 1 2 3 4 5 6 7 8 9
Tamil 0 50 . . . . . . . . .

Saraiki 1 . 42 . 8 . . . . . .
Sanskrit 2 . . 43 . 3 . . 4 . .
Punjabi 3 . 20 . 30 . . . . . .
Marathi 4 . . 9 . 34 2 . 5 . .
Magahi 5 . . . . 2 35 . 13 . .

Kannada 6 . . . . . . 50 . . .
Hindi 7 . . 5 . 9 12 . 24 . .

Gujarati 8 . . . . . . . . 50 .
Bengali 9 . . . . . . . . . 50

Figure 6: Confusion matrix on India10 with 5
Kbytes training data generated by TextCat.

nally, we report empirical results based on two
different subsets of UDHR collection, including
India10 and Africa24 data sets. SKSVM yields
the best performance on almost all experimen-
tal settings conducted in this paper. In practice,
if the amount of text samples for a considered
language is available enough (e.g., 5-10 Kbytes),
SKSVM is a good choice for automatic identi-
fication, since it is more robust to a variety of
languages, scripts, and encodings.

In future work, we plan to conduct experi-
ments at a larger scale. The problem is how to
deal with a extremely large number of classes
(languages), e.g., all the 332 available languages
in UDHR collection. Can we maintain the identi-
fication performance at 90-95% at that class size?
Another issue is how to detect an unknown lan-
guage that does not occur in the training data.
These are interesting open problems that need to
be explored.
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