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ABSTRACT
This paper describes our submission for FIRE 2014 Shared Task
on Transliterated Search. The shared task features two sub-tasks:
Query word labeling and Mixed-script Ad hoc retrieval for Hindi
Song Lyrics.

Query Word Labeling is on token level language identification of
query words in code-mixed queries and the transliteration of identi-
fied Indian language words into their native scripts. We have devel-
oped an SVM classifier for the token level language identification
of query words and a decision tree classifier for transliteration.

The second subtask for Mixed-script Ad hoc retrieval for Hindi
Song Lyrics is to retrieve a ranked list of songs from a corpus of
Hindi song lyrics given an input query in Devanagari or transliter-
ated Roman script. We have used edit distance based query expan-
sion and language modeling based pruning followed by relevance
based re-ranking for the retrieval of relevant Hindi Song lyrics for
a given query.

We see that even though our approaches are not very sophis-
ticated, they perform reasonably well. Our results show that these
approaches may perform much better if more sophisticated features
or ranking is used. Both of our systems are available for download
and can be used for research purposes.

Categories and Subject Descriptors
I.2.7 [Artificial Intelligence]: Natural Language Processing—Lan-
guage parsing and understanding

General Terms
Experimentation, Languages

Keywords
Language Identification, Transliteration, Information Retrieval, Lan-
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guage Modeling, Perplexity

1. INTRODUCTION
This paper describes our system1 for the FIRE 2014 Shared Task

on Transliterated Search. The shared task features two sub-tasks:
Query word labeling and Mixed-script Ad hoc retrieval for Hindi
Song Lyrics. Subtask-I addresses the problem of language identi-
fication of query words in code-mixed queries and transliteration
of non-English words into their native script. The task focuses on
token level language identification in code-mixed queries in En-
glish and any of the given 6 Indian languages viz Bengali, Gujarati,
Hindi, Malayalam, Tamil and Kannada. The overall task is to 1)
label words with any of the following categories: lang1, lang2,
mixed, Named Entities (NE), and other, and 2) transliterate iden-
tified Indic words into their native scripts. We submit predictions
and transliterations for the queries from the following language
pairs: Hindi-English, Gujarati-English, Bengali-English, Kannada-
English, Malayalam-English and Tamil-English.

Our language Identification system uses linear-kernel SVM clas-
sifier trained on word-level features like character-based conditional
posterior probabilities (CPP) and dictionary presence for each query
word. While for the transliteration of Indic words, we first translit-
erate them to WX-notation2 (transliteration scheme for represent-
ing Indian languages in ASCII) and then use Indic Converter (de-
veloped in-house) to convert these words to their native script.

The second subtask for Mixed-script Ad hoc retrieval for Hindi
Song Lyrics is to retrieve a ranked list of songs from a corpus of
Hindi song lyrics given an input query in Devanagari or translit-
erated roman script. The documents used for retrieval may be in
Devanagari or in roman script. The task focuses on the retrieval of
relevant documents irrespective of the script encoding of query or
documents. This requires us to normalize the available documents
and the input queries to a single script; in our case Roman. We also
need to process the query to account for all the possible spelling
variations for each query term. We used edit distance based query
expansion followed by language modeling based pruning to tackle
these issues. Finally, we retrieve Hindi Song lyrics for a query us-
ing relevance based re-ranking.

1https://github.com/irshadbhat/Subtask-1-Language-
Identification-and-Transliteration-in-Code-Mixed-Data
https://github.com/vmujadia/Subtask-2-Mixed-script-Ad-hoc-
retrieval-for-Hindi-Song-Lyrics
2http://en.wikipedia.org/wiki/WX_notation



As stated in the shared task description, extensive spell varia-
tion is the major challenge that search engines face while process-
ing transliterated queries and documents. The word dhanyavad
(‘thank you’ in Hindi and many other Indian languages), for in-
stance, can be written in Roman script as dhanyavaad, dhanyvad,
danyavad, danyavaad, dhanyavada, dhanyabad and so on. Fur-
ther, the complexity of search may increase if faced with multiple
information sources having different script encoding. The mod-
ern Indian Internet user’s query might easily be interspersed with
words from their native languages transliterated in Roman or in na-
tive UTF-8 encoded scripts along with English words. Both the
problems are tackled separately in this shared task. Subtask-I deals
with the identification of language of origin of a query term for a
code-mixed query, while Subtask-II deals with the retrieval from
information sources encoded in different scripts.

The rest of the paper is organized as follows: In Section 2, we
discuss the data, our methodology and the results for the Subtask-I.
Section 3 is dedicated to the Subtask-II. In this section, we discuss
our approach towards the task and present our results. We conclude
in Section 4 with some future directions.

2. SUBTASK-I: QUERY WORD LABELING
The subtask deals with code-mixed or code-switched Indian lan-

guage data and primarily aims to address the problem of language
identification of words in transliterated code-mixed queries. The
task features transliterated queries from 6 Indian languages namely
Bengali, Gujarati, Hindi, Kannada, Malayalam and Tamil code-
mixed with English. In the following, we discuss our approach and
experiments, and put into perspective our results on the language
pairs that are featured in the shared task.

2.1 Data
The Language Identification and Transliteration in the Code-Switched

(CS) data shared task is meant for language identification and translit-
eration in 6 language pairs (henceforth LP) namely, Hindi-English
(H-E), Gujarati-English (G-E), Bengali-English (B-E), Tamil-English
(T-E), Kannada-English (K-E) and Malayalam-English (M-E). For
each language-L the following data is provided:

• Monolingual corpora of English, Hindi and Gujarati.

• Word lists with corpus frequencies for English, Hindi, Ben-
gali and Gujarati.

• Word transliteration pairs for Hindi-English, Bengali-English
and Gujarati-English which could be useful for training or
testing transliteration systems.

Apart from the above mentioned data, a development set of 1000
transliterated code-mixed queries is provided for each language
pair for tunning the parameters of the language identification and
transliteration systems. Results are separately reported on test sets
containing ∼1000 code-mixed queries for each language pair. Ta-
ble 1 shows some input queries and the desired outputs.

2.2 Methodology
We worked out the task into two stages: Language Identifica-

tion and Transliteration. In Language Identification stage, we used
linear-kernel SVM classifier with context-independent (word, word-
level conditional posterior probability (CPP) and dictionary pres-
ence/absence) features and context-sensitive (adding previous and
next word) bi-gram counts for post-processing. For Transliteration
of non-English words into their native scripts, we first transliterate
them to WX-notation and then use Indic-converter to convert WX

to their native scripts.

2.2.1 Language Identification
We experiment with linear kernel SVM classifiers using Liblin-

ear [1]. Parameter optimization is performed using parameter tun-
ing based on cross-validation. We use Scikit-Learn3 package [7] to
conduct all our experiments.

Our basic features for SVM classifier are:
Dictionary Based Labels (D): Given the fact that each language
pair consists of English words and any of the mentioned Indian lan-
guage words, the presence/absence of a word in large scale freely
available English dictionaries will be a potent factor in deciphering
the source language of word. Thus, we use the presence of a word
in English dictionaries as a binary feature (0=Absence, 1=Pres-
ence) in all our SVM classifiers. If a word is present in dictionary,
its dictionary flag is set to 1 denoting an English-word otherwise,
flag is set to 0 representing an other language word in the given
language pair. We use python’s PyEnchant-package4 with the fol-
lowing dictionaries:

• en_GB: British English

• en_US: American English

• de_DE: German

• fr_FR: French

The only flaw with this feature is its impotence to capture infor-
mation in the following two scenarios:

• English words written in short-forms (quite prevalent in so-
cial media), and

• Indian language words with English like orthography e.g.
Hindi pronoun in ‘these‘ resembles English preposition in.

Word-level CPP (P): We add two features by training separate
smoothed letter-based n-gram language models for each language
in a language pair [4]. We compute the conditional probability us-
ing these language models, to obtain lang1-CPP and lang2-CPP for
each word.

Given a word w, we compute the conditional probability corre-
sponding to k5 classes c1, c2, ... , ck as:

p(ci|w) = p(w|ci) ∗ p(ci) (1)

The prior distribution p(c) of a class is estimated from the re-
spective training sets show in Table 2. Each training set is used to
train a separate letter-based language model to estimate the prob-
ability of word w. The language model p(w) is implemented as
an n-gram model using the IRSTLM-Toolkit [2] with Kneser-Ney
smoothing. The language model is defined as:

p(w) =

n∏
i=1

p(li|li−1
i−k) (2)

where l is a letter and k is a parameter indicating the amount of
context used (e.g., k=4 means 5-gram model).
3http://scikit-learn.org/stable/
4https://github.com/rfk/pyenchant/
5 In our case value of k is 2 as there are 2 languages in a language pair



Input query Outputs
sachin tendulkar number of centuries sachin\H tendulkar\H number\E of\E centuries\E

palak paneer recipe palak\H=pAlk paneer\H=pnFr recipe\E
mungeri lal ke haseen sapney mungeri\H=m�\g�rF lal\H=lAl ke\H=k� haseen\H=hsFn sapney\H=spn�

iguazu water fall argentina iguazu\E water\E fall\E argentina\E

Table 1: Input query with desired outputs, where L is Hindi and has to be labeled as H

Language Data Size Average Token Length

Hindi 32,9091 9.19
English 94,514 4.78
Gujarati 40,889 8.84
Tamil 55,370 11.78

Malayalam 12,8118 13.18
Bengali 29,3240 11.08
Kannada 579736 12.74

Table 2: Statistics of Training Data for Language Modeling

2.2.2 Post-processing with bigram-counts
We post-process SVM results with bigram-counts, combining

the current token with previous and next token. The bigram counts
are learned from large English corpus for English language only. If
the bigram counts of current token with previous and next tokens
are high, then current token is most probably an English word and
non-English otherwise. The post-processing mainly helps in mak-
ing the language identification consistent over a large sequence of
text.

2.2.3 Transliteration
Transliteration of Indian language words is carried out in two

steps. First we transliterate these words to WX and then convert
WX to the native scripts. WX is a transliteration scheme for rep-
resenting Indian languages in ASCII. In WX every consonant and
every vowel has a single mapping into Roman, which makes it easy
to convert WX to Indian native scripts.

Transliterating non-English words to WX requires a training set
of Roman to WX transliteration pairs of Indian languages to built a
transliteration model. In our training data we have word-transliteration
pairs for Hindi, Bengali and Gujarati but the transliterations are in
native scripts. We convert these native script transliterations to WX
using Indic-converter. We then train an ID3 Decision tree classifier
[8] for mapping non-English words to WX using the modified (Ro-
man to WX) word-transliterations pairs. The classifier is character
based, mapping each character in Roman script to WX based on
its context (previous 3 and next 3 characters). After transliteration
from Roman to WX, we again use Indic-converter to convert WX
to a given Indian native script.

2.3 Experiments
The stages mentioned in Section 2.2 are used for the language

identification and transliteration task for all the language pairs. We
carried out a series of experiments to built decision tree classifier
for transliterating Roman scripts to WX.

In order to predict correct labels for Language Identification, we
trained 6 SVM classifiers (one for each language pair). We ex-
perimented with different features in SVM to select the optimal

6 LP, LR, LF: Token level precision, recall and F-measure for the Indian language
in the language pair. EP, ER, EF: Token level precision, recall and F-measure for
English tokens. TP, TR, TF: Token level transliteration precision, recall, and F-
measure. LA: Token level language labeling accuracy. EQMF: Exact query match
fraction. −: without transliteration. ETPM: Exact transliterated pair match

features based on the F1-measure. Table (2.3) shows the differ-
ent feature combinations for SVM with their F1-score. Using the
optimal features, classifiers have been trained and labels predicted
using weight matrices learned by these classifiers. Among the six
combinations of the feature sets, Table 2.3 shows that SVM clas-
sifier performs best with the features set P+D, achieving 92.29%
accuracy.

Finally, we transliterate non-English words to WX using deci-
sion tree classifier and then convert WX to Indian native scripts for
each language pair, using the Indic-converter tool kit.

Features Accuracy (%) Features Accuracy (%)
P 62.27 L+D 90.18
D 85.33 P+D 92.29

L+P 62.73 L+P+D 91.63

Table 4: Average cross-validation accuracies on the Hindi-English
data set; P = word-level CPP and D = dictionary, L = wordlength

2.4 Results and Discussion
Both the language identification and transliteration systems are

evaluated against Testing data as mentioned in Section 2.1. All
the results are provided on token level identification and transliter-
ation. Tables 3 show the results of our language identification and
transliteration systems.

Systems are evaluated separately for each tag in a language pair
using Recall, Precision and F1-Score as the measures for the In-
dian language in the language pair, English tokens and translitera-
tion. Systems are also evaluated on token level language labeling
accuracy using the relation ‘correct label pairs/(correct label pairs
+ incorrect label pairs)’. Evaluation is also performed on EQMF
(Exact query match fraction), EQMF but only considering language
identification and ETPM (Exact transliterated pair match).

3. SUBTASK-II: HINDI SONG LYRICS RE-
TRIEVAL

This section describes our system for the Subtask-II which is
about the Hindi song lyrics retrieval. The proposed system is sim-
ilar to that of Gupta et al.[3]. They have used Apache Lucene IR
platform for building their system, while we build our system from
the scratch following a typical architecture of a search engine. The
overall system working and design is depicted in Figure 1. As with
any search engine, our system also hinges on the posting lists nor-
malized using TF-IDF metric. The posting lists are created based
on the structure of the provided songs lyrics documents.

As is stated in the Subtask-II, input query to the system can be
given in Devanagari script or it may be in transliterated Roman
script with a possible spelling variation, e.g., repeated letters, re-
curring syllables etc. Also, the documents (∼60000) that are pro-
vided for indexing contain lyrics both in Devanagari and Roman
scripts with some similar noise. Prior to document indexing, we
had to run through a preprocessing step in order to tackle these is-
sues. In the following, we discuss the process of data cleaning and



Language Pair BengaliEnglish GujaratiEnglish HindiEnglish KannadaEnglish MalayalamEnglish TamilEnglish

LP 0.835 0.986 0.83 0.939 0.895 0.983
LR 0.83 0.868 0.749 0.926 0.963 0.987
LF 0.833 0.923 0.787 0.932 0.928 0.985
EP 0.819 0.078 0.718 0.804 0.796 0.991
ER 0.907 1 0.887 0.911 0.934 0.98
EF 0.861 0.145 0.794 0.854 0.86 0.986
TP 0.011 0.28 0.074 0 0.095 0
TR 0.181 0.243 0.357 0 0.102 0
TF 0.021 0.261 0.122 0 0.098 0
LA 0.85 0.856 0.792 0.9 0.891 0.986

EQMF All(NT) 0.383 0.387 0.143 0.429 0.383 0.714
EQMF−NE(NT) 0.479 0.413 0.255 0.555 0.525 0.714
EQMF−Mix(NT) 0.383 0.387 0.143 0.437 0.492 0.714

EQMF−Mix and NE(NT) 0.479 0.413 0.255 0.563 0.675 0.714
EQMF All 0.004 0.007 0.001 0 0.008 0

EQMF−NE 0.004 0.007 0.001 0 0.008 0
EQMF−Mix 0.004 0.007 0.001 0 0.008 0

EQMF−Mix and NE 0.004 0.007 0.001 0 0.008 0
ETPM 72/288 259/911 907/2004 0/751 90/852 0/0

Table 3: Token Level Results6

Figure 1: Mixed-script Ad hoc retrieval for Hindi Song Lyrics System Work flow

data normalization.

3.1 Data Normalization
Data normalization is an important part of our retrieval system.

It takes cares of noise that could affect our results. The goal of
normalization was to make the song lyrics uniform across docu-
ments and to clean up the unnecessary and unwanted content like
HTML/XML tags, punctuation marks, unwanted symbols etc.

In some of the documents, song lyrics contain more information
about the pronunciation like jahaa.N bharam nahii.n aur chaah

nahii.n, where symbol “.” signifies some phonetic value of it sur-
rounding letters. In such documents even the case of a letter has a
phonetic essence. However, there are only few files with such ad-
ditional information. The other documents may represent the word
jahaa.N simply as jaha or jahaan. We also observed that “D”
mostly corresponds to “dh” in normal script, but the mapping from
its uppercase to lowercase does not always need an insertion of an
additional “h” following it (due to spell variations). So, we decided
to ignore this information and removed all the special symbols and
converted the whole data into lowercase. As we already mentioned,



the training documents are in both Devanagari and Roman scripts,
for simplicity we converted all the Devanagari lyrics into Roman
using the decision tree based transliteration tool discussed in Sec-
tion 2.2.3.

The next step of the conversion handles the problem of charac-
ters in a word repeating multiple times depending on the writing
styles. Consider the following two queries had kar di ap ne vs
hadd kar dii aap ne, both these queries are same but their writing
pattern is different. In order to handle such variation, we replace the
letters which appear continuously with a single character represent-
ing them e.g “mann” → “man”; “jahaa” → “jaha”. This also
helps when some word in a song is elongated at the end eg. “saara
jahaaaaaan”, but in the lyrics the elongation may not be present
saara jahaan. So, to match these two, we converge both of them
to sara jahan.

3.2 Posting list and Relevancy
As we mentioned in the previous section, we transliterated all

the lyrics documents uniformly to Roman script. Once transliter-
ated, these documents are then used to create posting list. In order
to create the posting list, we first identify the structure of these
documents and decide appropriate weights for each position in the
structure. The terms in the title, for example, will receive the high-
est weight, while the terms in the body will receive relatively lower
weights. In posting list, we have indexed the following patterns
separately:

• title of the song,

• first line of song,

• first line of each stanza,

• line with specific singer name,

• each line of chorus,

• song line which has number at last(indication for no. of times
repetition), and

• all other remaining lines.

The appropriate weights to these patterns are assigned in the fol-
lowing order: Title of the song > First line of song > First line
of stanzas > Each line of chorus > Song line which has number
at last (indication for number of times repetition) > line with spe-
cific singer name > All other remaining lines of the song. These
weightes help us to compute relevance of a document to an input
query effectively.

The identification and extraction of title field was quite trivial,
as there are very few variations in the title field of each song in
the corpus. There were, however, huge variations in other patterns
or fields across documents like starting of new stanzas, prominent
singer name and number of times each line of a song is repeated.
Finally, the term-document frequency counts in the posting list are
normalized using TF-IDF metric, which is a standard metric in IR
to assign more mass to less frequent words [5].

3.3 Query Expansion
Query expansion (QE) is the process of reformulating a seed

query to improve retrieval performance in information retrieval op-
erations [10]. In the context of Indian language based transliterated
song lyrics retrieval, query expansion includes identifying script of
seed query and expanding it in terms of spelling variation to im-
prove the recall of the retrieval system.

As explained in the task description, there might be several ways
of writing the query with same intention. For instance, in Hindi
and many other Indian languages, the word dhanyavad “thank
you” can be written in Roman script as dhanyavaad, dhanyvad,
danyavad, danyavaad, dhanyavada, dhanyabad and so on. Such
variation will have an adverse effect on the retrieval of relevant doc-
uments. So its in important, that such variation should be normal-
ized, which is what is discussed in the next section.

3.3.1 Edit distance for Query expansion
In order to address the above problem, we used Levenshtein dis-

tance, a fairly simple and commonly used technique for edit dis-
tance. First we created a dictionary of all the unique words present
in the converted data. While processing a query, for each word we
find all possible words (biased by some rules), within an edit dis-
tance of 2, present in the dictionary. To limit the number of possible
words, we apply some rules on edit operations which were created
by a careful observation of the data. The general form of rules is
shown below:

If ‘x’ is present in a word, it can be replaced with ‘y’ , it
can be deleted, or the word can be split at its index.

We also consider word splitting in this module e.g. lejayenge
can be split into le jayenge. After limiting the in-numerous possi-
bilities by using manually created rules, we still get 30 possibilities
for each word on average. If we consider all the possibilities, even
if the length of the query is small, say 5 words, the possible vari-
ations of such query would grow up to 305, which is a very large
number to process. To handle this problem, we apply another strat-
egy based on language modeling to limit and rank query expansion.
The next section throws details on this strategy.

3.4 Language Modeling
In order to limit the number of possible queries generated using

edit distance, we rank them in the order of importance by using
scores given by a language model.

3.4.1 Language model
We use SRILM toolkit[9] to train the language Model on cleaned

lyrics corpus. We keep the language model loaded, and as we give
a sentence to this loaded model, it returns probability and perplex-
ity scores. We use the perplexity score on the generated queries
(variations of the original query) to rank them.

To limit the number of new queries and to speed up the process
of ranking, we first break the input query into multiple parts. We
set the length of splits to be equal to 4 words. As mentioned ear-
lier, we get around 25 to 30 word suggestions on average for each
query term by edit distance method. Therefore, the number of pos-
sible variations for each split could reach up to 254 i.e., around
400K variations for each 4-word part of the query. These generated
queries are then finally ranked using perplexity scores using the
language model. We observed that the overall scoring and ranking
process of around 400K variations takes less than a second. Then,
for each part we consider top 20/25/30 variations, depending on
the number of parts in the query. Using these top variations from
each part, we generated all the possible combinations, which are of
length of the actual query. We further rank them using the language
model to get the top 20 queries for search and retrieval.

3.5 Search
After applying the query expansion techniques on the test query,

we take its top 15-20 spell variations. For each variation, song



TEAM NDCG@1 NDCG@5 NDCG@5 Map MRR RECALL
bits-run-2 0.7708 0.7954 0.6977 0.6421 0.8171 0.6918
iiith-run-1 0.6429 0.5262 0.5105 0.4346 0.673 0.5806
bit-run-2 0.6452 0.4918 0.4572 0.3578 0.6271 0.4822
dcu-run-2 0.4143 0.3933 0.371 ¯0.2063 ¯0.3979 0.2807

Table 5: Subtask-II Results

retrieval system generates most relevant 20 song document ids ac-
cording to their relevance to the query.

For a given query, our searching module first searches for all
the possible n-grams, where n ≤ length of the query, in posting
list. It then retrieves the results based on cosine distance of the
boolean and vector space retrieval model[5]. As per the sub task-2
definition this searching module gives score from 0-4, 4 for title or
first line phrase match with given query, 3 for exact phrase match
match with given query other than title, 2 for phrase match match
with given query, 1 for any keyword match with given query and 0
for irrelevant song.

3.6 Results and Analysis
Table 5 shows the comparative results of 4 teams using various

metrics. Although, we tried basic techniques, we could still manage
to achieve reasonable results. While doing error analysis, we found
that in the data cleaning we could not clean the whole data prop-
erly. There were some type of HTML/XML tags that could not be
removed as they were attached with their neighboring words. We
also observed that some words in query were very different in terms
of orthography from the original words in the lyrics, but they sound
similar in terms of their pronunciation. This could not be handled
by our restrictive (2 edits) edit distance approach. We tried to make
as many rules as possible to be used in the edit distance module,
but still they were not exhaustive enough to cover all the possibili-
ties. Another improvement in our system would be to use a better
Language Modeling toolkit such as RNNLM[6].

4. CONCLUSIONS
In this paper, we described our systems for the two subtasks in

the FIRE Shared task on Transliterated Search. For the Subtask-I
on language identification and transliteration, we have implemented
an SVM based token level language identification system and a de-
cision tree based transliteration system. SVM uses a set of naive
easily computable features guaranteeing reasonable accuracies over
multiple language pairs, while decision tree classifier uses the let-
ter context to transliterate a Romanized Indic word to its native
script. To summarize, we achieved reasonable accuracy with an
SVM classifier by employing basic features only. We found that
using dictionaries is the most important feature. Other than dictio-
naries, word structure, which in our system is captured by n-gram
posterior probabilities, is also very helpful.

In Mixed-script Ad hoc retrieval Task we used very common
techniques like edit distance, query expansion, Language modeling
and the standard document retrieval algorithms. The most simple
yet helpful method was the shortening of words which tackles the
problem of recurring characters. Instead of these very basic tricks
and methodologies, our system is competitive in terms of the re-
sults.
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