
Language Classification of Short Texts

Bala Sujit Mathi, Ravi Kiran Divvela

December 2016

1 Introduction and Motivation
Language identification is the significant rudimentary step for many Natural
Language Processing (NLP) applications such as Text preprocessing, Content
Classification, Text Filtering etc. While the focus so far has been mainly on
language detection for long written text, short social media post like tweets,
Facebook statuses etc. are becoming more important. Language identification
with these short texts is challenging since they have limited words in them.
We intend to build classifier for Twitter data set, training on a corpus of seven
languages. Working with tweets will present some unique challenges. Because
tweets are only 140 characters long, at most, we cannot gather statistics that
require a large count of words.

2 Dataset
There are many translation text data corpora out there. The ones which do
cover the number of languages we need typically don’t include actual data from
Twitter. We gathered pre-labeled twitter data using: https://blog.twitter.
com/2015/evaluating-language-identification-performance. This data
set covers 70 languages and approximately 120,000+ lines. We decided to deal
with seven European languages since they are correlated and tough to identify.
We used ‘tweepy’ module in python to retrieve the tweets from Twitter API.

3 Part: I Bayesian and Logistic Classifiers
We have used nltk and sklearn machine learning libraries in python to build the
following classifiers: Naive Bayes, Multinomial Naive Bayes, Logistic Regression,
SGD, and Support Vector Machine.

We found that users were generous in their use of hash tags, -twitter handles,
and URLs. As these did not contribute any value in recognizing the language
used, we removed all words with hash tag in them, as well as strings formatted
like a URL. Also we discarded non-alphabet characters such as punctuation,
digits, emoticons etc. from the tweets.

We selected the most commonly used 300 words for each language from the
tweets in training set and combined to form the features set. We converted
each tweet into list of words. We had fed input as a list of tuples to these
classifiers. Each tuple is a data point containing two elements in it. First
element is a dictionary containing Boolean values for the feature set for that
particular tweet while second element is a language label for that tweet.
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3.1 Results
Multinomial Naive Bayes classifier had outperformed in language identification
with a predictive accuracy of 84.16 percent followed by a Naive Bayes classifier
with 82.2 percent accuracy. German and Dutch languages have shown 100
percent precision with every classifier. Also, all the classifiers have shown higher
Recall values for Spanish language.

4 Part: II Recurrent Neural Network Classifier
Language of a sentence can be detected by the way alphabets are ordered. For
example, adding -ar at the end of abandon, an English word, transforms it to
a Spanish word abandonar. Moreover, every language have some quirks like e
is most frequently followed by s in Spanish etc. So, we can posit that sequence
with which alphabets appear can help us identify the language of a sentence.

If we are trying to analyze sequential inputs, our neural network classifier
should be able to take sequential inputs and have persistence of logic from one
sequence to next. Traditional neural networks and convolution lack both these
desired properties. However, Recurrent Neural Networks (RNN) can operate
over sequences of input and contain a loop that allows valuable information to
flow from one step to next. We used Long Short Term Memory (LSTM) variant
of RNN that are capable of learning long term dependencies.

4.1 Data Pre-processing for RNN
There are 53 unique alphabets for the seven languages that are considered. We
also included inverted exclamation, question mark, apostrophe and space as
characters. Using one hot encoding we represent each character with an unique
vector of length 57. Using these vectors, tweets are converted to matrix of
dimension 140 by 57, where 140 represent maximum length of the tweet. Each
row of the matrix corresponds to an alphabet in tweet.

4.2 Implementation and K-fold Cross Validation
We implemented the LSTM variant of RNN in tensorflow. Weight and bias
on each arch of the RNN should be learned from the training data set. Cross-
entropy function is used as objective, it is minimized using Adam optimizer of
tensorflow which gives good performance on sparse large data sets.

K-fold cross validation is used to determine the optimal number of hidden
layers for RNN. Basically it works like this: first, we split the training data
set into k equal sized folds(5 in our case); second, we choose 5, 10, 20, .., 50
as candidate hidden layers; then, for each of these candidate hidden layers we
train RNN k times using k-1 folds as training data and kth one as validation
set. We choose the number of neurons whose average validation error is lowest.
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4.3 RNN Results

Figure 1: K-fold Validation Results

Plotting the results of K-fold cross validation gave use a logarithmic graph.
As you can see error rate is low for 50 neurons. If we choose more than fifty
hidden layers there is a good chance that our classifier will overfit. Using these
settings we were able to achieve an accuracy as of 93 percent. Fig. 2 represent

Figure 2: Confusion Matrix for RNN Calssifier

the confusion matrix for RNN classifier. Couple of interesting things can be
observed in the matrix. First, the model is over fitting for Spanish language.
This can be explained by the fact that our data set contains highest number of
Spanish tweets, about half. Second, miss classification of Portuguese tweets as
Spanish is high, explained by fact that languages share mostly similar words.

5 Conclusion
RNN gives better accuracy than Bayesian, SVM and Logistic Classifiers. How-
ever it takes long time for training. Since this system is intended for Twitter
data, it would most likely be used in a web setting and therefore, classification
time needs to be as quick as possible while still maintaining an acceptable level
of accuracy. RNN classifier has low classification time, once we train and save it.
In future, we would like to Blend the results from different classifier to further
improve the model. We would also like to create a GUI which shows results for
live tweet feed.
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