Mixture of Expert/Imitator Networks:
Scalable Semi-supervised Learning Framework
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Intro: More Data, Better Performance

Overview of Proposed Method: MEIN

p(y|X)

[ SoftTmax mixture of expert
and imitators

e The imitators are

trained with

unlabeled data

The imitators are

designed to be

computationally fast

* One of the characteristics of deep neural network

*  We aim to accomplish this through semi-
supervised learning (SSL) using unlabeled data

* Main challenge is to design SSL to equip following two
properties:

The MEIN is a
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(D “"More data, better performance” with unlabeled data
(2 Computationally scalable to the amount of unlabeled data

Training Procedure

(D Train the expert with labeled data

The amount of labeled
training data is not
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Each imitator makes a prediction from n-gram;
learns to classify useful/useless features

Experiments
I (D Effectiveness of the MEIN Framework I (2 Computational Speed of the Imitators
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e Qur ADV-LM-LSTM+Imitator achieves the new
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state-of-the-art performance

Increasing the amount of unlabeled data improves the
performance of the expert (ADV-LM-LSTM)




