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e Text Embedding is a milestone in NLP and ML « Word Similarity:

Model & Optimization

e Spherical Generative Model (two-step generation):
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e Spherical Text Embedding
* Train embeddings on the unit sphere

e Jointly learn word and document/paragraph embeddings

e State-of-the-art on various embedding applications
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Table 3: Document classification evaluation using £-NN (k = 3).

. 20 Newsgroup Movie Review
Embedding Macro-F1 Micro-F1 Macro-F1  Micro-F1
Avg. W2V 0.630 0.631 0.712 0.713

SIF 0.552 0.549 0.650 0.656
BERT 0.380 0.371 0.664 0.665
Doc2Vec 0.648 0.645 0.674 0.678
JoSE 0.703 0.707 0.764 0.765

* Training Efficiency:

Table 4: Training time (per iteration) on the latest Wikipedia dump.
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