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Abstract
We demonstrate a system for the machine translation of code-mixed text in several Indian and European languages. We first perform
word-level language detection and matrix language identification. We then use this information and an existing translator in order to
translate code-mixed tweets into a language of the user’s choice.
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1.

Introduction

Code-mixing is the alteration between two or more languages at the sentence, phrase, word, or morpheme level. It
is prevalent in multilingual communities around the world
(Gumperz, 1982). Although code-mixing has traditionally been observed in spoken language, informal text-based
interaction on social media has seen the advent of codemixed language in text as well (Bali et al., 2014; Das and
Gambäck, 2014; Solorio et al., 2014).
In India, a significant percentage of the population fluently
communicates in more than one language and often mixes
these languages in both speech and text. Bali et al. (2014)
found that 17.2% of the posts on public Facebook pages
from India are code-mixed.
Machine Translation of Social Media text is a difficult problem (Carrera et al., 2009; Hassan and Menezes, 2013;
Galinskaya et al., 2014), and the fact that many multilingual users use code-mixed language on social media, compounds this problem manifold. Most existing Natural Language Processing (NLP) techniques and systems, including Machine Translation, are designed for monolingual language data and break down in the presence of code-mixed
text. With the pervasiveness of code-mixing in India, it becomes necessary to create language systems that can process mixed language data.
With this view, we propose a machine translation system for
code-mixed text in several Indian and European languages.

2.

System Architecture

Figure 1 describes the architecture of our system. Given a
Twitter handle, several tweets belonging to the corresponding handle are collected. The user chooses one of these
tweets to be translated. The modules involved in translation in the order of their working are as follows:
1. Language detector: The language detector identifies
the language of each word in a given tweet. We use
a Hidden Markov Model trained on Twitter data from
our set of languages. The word-level language identification accuracy is around 95%.
2. Matrix language identifier: A matrix language of an
utterance is defined as the language that governs the

grammar of the utterance (Joshi, 1982). This module selects the language that the majority of words belong to as the matrix language of the tweet. Our initial
observations showed that this simple heuristic works
well in practice.
3. Translate to matrix language: We conducted an
analysis of code-mixed data translations by a stateof-the-art machine translation system, which showed
that translation quality is improved if the input is first
translated to the matrix language. This module translates the tweet to the matrix language using the Bing
Translator API.
4. Translate to destination language: Once the tweet is
in its matrix language, it is translated to the destination
language specified by the user by the Bing Translator
API.

3.

Conclusion

We present a demo of a system that given a stream of
tweets, can identify code-mixed tweets, identify the language of mixing, and translate them into a single language
using Machine Translation. While the current system is
used to translate tweets, the underlying models, techniques
and architecture can be used across any code-mixed text.
Our future work will focus on expanding the set of languages as well as other scenarios.
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