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In this work-in-progress paper, we discuss code completion based on machine learning for dynamically typed
languages. Code completion is adopted on major IDEs and source code editors for improving developers’
productivity. Although we can use type information for suggesting methods in statically typed languages, we
cannot directly adopt this approach for dynamically typed languages. This paper presents code completion

for method-call chains by using a language model based on LSTM.
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select ("name").from("users").where ("age
>= 20").1limit (100);
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let statel = select("name");

let state2 = statel.from("users");

let state3 = state2.where("age >= 20");
state3.1imit (100);
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