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* are based on generative models of low performance. ** Code Generation Corpus:

*** Given the context w, type of the context s(w), our goal is to model the

probability of the next word w, P(w| w; 0, 8,,) = P(w, s(w) [ w, s(w); O, * 500 open source Android projects collected from GitHub
0,). As a word can be either a named entity or not, we model it by the * Abstract Syntax Tree (AST) based entity type

22.06% better in perplexity with respect to state-of-art
code generation baseline SLP-Core?3

following two cases: .

P(s(w) [ s(w); 0;) if w is an entity name
Our model learns the probability distribution over the 1 — Y. <P(s(w) =s | s(W); 0,)
candidate words by decomposing it into two sub-
problems: _ , (1)
% Type Model (6,) where S is set of all entity types.
 considers all of entities with the same type equal
and represent them by their type information.
* reduces the vocab size to a great extent.
 predicts the type s(w) of each entity (w) more .
accurately. Experimental Results
s Entity Composite Model (0.,) : 4.
« uses the entity type generated by the type model as a We create two benchmark datasets that contain many named entities.
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“* We train 6,, and 0,, independently by any state-of-art language model.
*** We do a joint inference according to Equ-1.
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