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Motivation

• Text classification has many different important applications (e.g. web 
search, information retrieval and ranking). 

• Although neural network based models are increasingly popular and 
achieve very good performance (accuracy), they are not fast for light 
operations. 

• Linear classifiers (e.g. logistic regression and SVM) often obtain 
similar performance as neural network if the right features are used. 
Moreover, linear classifier can scale to very large data sets. 



Model Architecture

• Linear classifiers are possibly 
limited in generalization because 
they don’t share parameters 
among features and classes. 

• Such issue is commonly solved 
by factorizing the linear classifier 
into low rank matrices. 



Model Architecture (continue)
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Learning 

• Use the softmax function to 
compute the probability 
distribution over predefined 
classes.
• !: Number of documents.
• "#: normalized bag of features of 

the n-th document.
• $#: the label of the n-th

document.
• % and &: are the weight matrices.
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Hierarchical softmax

• The complexity if the linear classifier is !(#ℎ).
• #: is the number of classes.
• ℎ: the dimension of the text representation.

• Use hierarchical softmax based on Huffman coding tree to improve the 
running time.

• Computational complexity during training becomes !(ℎ log)(#)).

• This result on a tree where the probability of a node is always lower than 
the one of its parent, which is also advantages during test time.



BoW vs. Bag of N-gram

• Bag of Words with order taken into account, is computationally 
expensive.

• Using N-gram capture at least partial information about the local 
word order. And performs well in practice.

• Use hashing trick to maintain fast and memory efficient mapping of 
the n-grams (10M bins for bigrams and 100M otherwise).



Major Tricks

1. Introduce hidden variables to have a more general 
model.

2. Use Hierarchal softmax for efficiency.

3. Use n-gram features to maintain partial order and 
increase performance. 



Experiments

• Use sentiment analysis to compare fastText’s performance compared 
to existing text classifier.

• Conduct a tag prediction experiment to evaluate fastText’s scalability. 



Sentiment Analysis

• Use the same data set as from Zhang et al. (2015)

• Compare to six of the state of the art text classification techniques.

• Trained fastText using 10 hidden units with and without a bigram.



Sentiment Analysis
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Sentiment Analysis How fastText
would perform if 

we increase the n-
gram or hidden 

unites?



Sentiment Analysis – Other Methods
- Comparison to methods presented in Tang et al. (2015). 
- Using a Bag of 5-grams leads to the best performance. 



Sentiment Analysis – Training Time

- Table shows training time of a single epoch. 
- Other methods are trained on a NVIDIA Tesla K40 GPU. fastText is trained on a CPU using 20 threads.



Tag Prediction – Setup 

• Use the YFCC100M dataset which consists of 100M images with captions, 
titles and tags.

• The goal is to use the captions and titles to predict the tags. 

• Removed tags and words that occurred less than 100 times. 

• Split the data as the following: 
• Train set of 91,188,648 examples.
• Validation set of 930,497 examples. 
• Test set of 543,424 examples. 



Tag Prediction – Evaluation 



Tag Prediction – Examples 
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