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Abstract: For algorithmic trading, it is important to reduce market impact and opportunity

costs that closely related to market liquidity. In this work, we propose a tick-based approach to

prediction of the liquidity. Our method utilizes order data encoded according to its flexibility and a

Long Short-TermMemory(LSTM) that predict a next order. Accuracy of the model outperforms by

a large margin maximum occurrence ratio of order labels. Furthermore, we examine the embedding

layer of the trained model and find out that it obtains difference and similarity between each order.
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Table 1: 1925 ( )

BidLO 1 0.076

AskLO 1 0.074

BidCancel 1 0.058

AskCancel 1 0.057

82
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( + )
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...
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BidLO 5 0.018

BidMO — 0.018
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