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Document similarity estimation using neural network
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It is important to estimate document similarity for text classification and information retrieval and so on. You
should represent documents as feature vectors representing its content to get a good document similarity. In this
paper I propose a document similarity estimation method using a neural network. To train a neural network with
unsupervised learning fashion the neural network consists of multiple Restricted Boltzmann Machines. Evaluating
the proposed method using stock market news, I confirmed that the proposed method can estimate document

similarity according to their contents.
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Initialize W randomly
for each epoch do
for each data x; of size D do
Compute p; = E[h|x;, W]
Sample h; ~ p(h|x;, W)
Sample x; ~ p(x|h;, W)
Compute p; = E[h|x;7 W]
Accumlate g = g + x;py — x;,u;
Update parameters W =W + 3 g
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